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Abstract 
Alcohol is the second most abused drug in the world and has been found to induce changes in the 
microbial composition of the gut microbiome (the collection of microbial organisms together with 
their genetic material). The effects of alcohol on the microbiome of pregnant women have not been 
well studied. The gut microbiome is established early in life, primarily through vertical transmission 
from the gastrointestinal and reproductive tracts of the mother and evolves through the lifespan of an 
individual. Although there exist studies on animal models, limited research has been conducted on 
the effect that alcohol has on the gut microbiome during pregnancy. We therefore sought to 
characterise the gut microbiota in a cohort of pregnant women (N=86) to determine if alcohol 
consumption during pregnancy is associated with alterations in the gut microbiota. 
Informed consent was obtained from 86 pregnant women belonging to the South African Coloured 
population, ranging in age from 18-44 years. The sample-set was divided into two groups based on 
levels of the alcohol use biomarker phosphatidylethanol (PEth) detected in the blood. A PEth 
measurement of > 8 ng/mL represents the PEth+ group (N=35), who have drinking positive values 
versus no alcohol biomarker detection (PETh < 8 ng/mL) in the control group (N=51). Microbial 
DNA was extracted from the stool of each subject and sent for 16S rRNA sequencing on the Illumina 
MiSeq, amplifying the V3-V4 region. The bacterial diversity within samples (alpha diversity) was 
estimated by the calculation of Simpson, Dominance, Shannon, and Shannon Equitability metrics. As 
a vast number of factors have been found to affect the human gut microbiome (Kho et al., 2018), 
multivariate statistical analysis was conducted using Multivariate Association with Linear Models 
(MaAsLin). This method enabled correcting for age, body mass index, Bristol Stool Scale, gestational 
weeks, and smoking. 
After correcting for age, body mass index, Bristol Stool Scale and nicotine or tobacco use, we 
observed no significant differences in the gut microbiome of women who consumed alcohol during 
pregnancy compared to those who did not drink alcohol. Furthermore, age was significantly different 
between the PEth+ and the control group (p = 0.001). The study was done on a small sample size; a 
bigger sample size will provide more power, a smaller margin of error and more accurate mean values. 
Another possible limitation is that the participants were all in different trimesters of pregnancy. A 
larger sample size will also identify outliers that could skew the data in a smaller sample size. The 
gut microbiome is a complex ecology that is impacted by various factors. Also, the gut microbiome 
impacts on the human body and should thus be approached holistically in future studies, taking 
trimesters into account. 
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Opsomming 
 
Alkohol is die tweede mees misbruikte dwelm ter wêreld en daar is bevind dat dit veranderinge in die 
mikrobiese samestelling van die dermmikrobioom (die versameling van mikrobiese organismes 
tesame met hul genetiese materiaal) teweeg bring. Daar is beperkte navorsing beskikbaar oor die effek 
van alkohol op die mikrobioom van swanger vroue. Die dermmikrobioom word vroeg tydens die 
begin van lewe gevestig, hoofsaaklik deur vertikale oordrag deur middel van die maag en 
voortplantingskanale vanaf die moeder en hou aan ontwikkel deur die lewensduur van die individu. 
Alhoewel studies op diere gedoen is, is navorsing op die effek van alkohol op die menslike 
mikrobioom tydens swangerskap beperk. Dit was daarom noodsaaklik om te mik om die 
dermmikrobioom te karakteriseer vir ‘n steekproef van swanger vroue (N = 86) ten einde te bepaal 
of alkoholverbruik tydens swangerskap met veranderings in die dermmikrobioom geassosieer kan 
word en om veranderinge in die samestelling van die dermmikrobioom te vergelyk met die metadata. 
Om die primêre data te verkry is toestemming verkry van 86 swanger vrouens wat aan die Suid-
Afrikaanse Kleurling groepering behoort, in die ouderdoms groep 18-44 jaar. Die deelnemers is 
opgedeel in twee groepe na aanleiding van die teenwoordigheid van hul alkohol gebruik biomerker 
(fosfatidieletanol (FEth)) vlakke. Die FEth+ groep met FEth vlakke van ≥ 8 ng/mL (N=35) en die 
kontrole groep met FEth+ vlakke van < 8ng/mL (N=51). Mikrobiese DNA is onttrek uit ‘n 
stoelmonster van elke deelnemer en gevolglik gestuur vir 16S rRNA Sequencing (volgordebepaling) 
op die Illumina MiSeq, vir amplifisering van die V3/V4 streek. Die bakteriële diversiteit van die 
monsters (alfa-diversiteit) is bepaal deur middel van Simpson, Dominance, Shannon en Shannon 
Equitability statistiese berekeninge. Om die effek van alkohol op die dermmikrobioom, onafhanklik 
van ander faktore, te ondersoek is ‘n meerveranderlike statistiese analise op MaAsLin gedoen, met 
aanpassings vir ourderdom, liggaamsmassa-indeks, ‘Bristol Stool Scale’ en die gebruik van tabak 
en/of sigarette. 
Na die aanpassings vir ouderdom, liggaamsmassa-indeks, ‘Britstol Stool Scale’ en tabak en/of sigaret 
gebruik, is daar gevind dat alkohol tydens swangerskap geen beduidende verskille in die 
dermikrobioom veroorsaak nie.  Die rede hiervoor kan wees dat die vroue in verskillende trimesters 
van swangerskap was of dat die steekproefgrootte te klein was. ‘n Groter steekproefgrootte sal 
moontlik meer statistiese krag, ‘n kleiner foutmarge en meer akkurate gemiddelde waardes oplewer. 
Ouderdom het aansienlik verskil tussen die FEth + en die kontrolegroep (p = 0.001). Die swanger 
dermmikrobioom kan gesien word as ‘n komplekse ekologie wat deur verskeie faktore beïnvloed kan 
word. Daarbenewens het die dermmikrobioom ook ‘n invloed op die menslike liggaam en moet dit 
in ‘n holistiese manier in toekomstige studies benader word.  
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Chapter 1 – Literature Review 
 
1.1. Alcohol use during pregnancy 
In 2004, the World Health Organization (WHO) established that 2 billion people globally drink 
alcohol daily (World Health Organization 2004), and that 70 million people have a diagnosed 
alcohol use disorder (AUD). An AUD is widely associated with impairments in various functional 
domains. These include executive functions such as working memory, response inhibition and 
attention control as well as social, cognitive and motivational domains (Freeman et al., 2018).  
Worldwide, alcohol use is the 5th leading risk factor for disability and early death amongst 
individuals aged 15-49 years (Lim et al., 2012).  
The widespread problem of alcohol use among young women during pregnancy is increasing globally 
(Chabenne et al., 2014). After caffeine, alcohol is the second most widely used psychotomimetic 
(psychoactive) substance in the world (Samson & Harris, 1992). Alcohol is a teratogen and should 
thus be completely avoided during pregnancy (Masemola et al., 2015). Alcohol readily crosses the 
placenta and interferes with the normal development of the fetus or embryo. The fetus is especially 
at risk due to its underdeveloped blood filtration system, leaving it unprotected from alcohol in the 
circulation system (British Medical Association, 2007). Exposure to alcohol during the prenatal 
stages of development can result in fetal alcohol spectrum disorder (FASD). Children affected by 
Fetal Alcohol Syndrome, the most prevalent and clinically recognizable form of FASD, retain key 
clinical features evident in the facial anomalies, pre- and postnatal growth deficiency as well as 
structural and functional Central Nervous System (CNS) abnormalities present in these children (May 
et al., 2014). An accurate diagnosis of FASD has lifelong consequences on the individual diagnosed 
which include learning difficulties and social abnormalities. These implications extend to the relatives 
of the individual and an early detection as well as intervention is crucial to optimize the lives of the 
individual diagnosed (May et al., 2007). 
Considering the prevalence of FASD in South Africa and the consequences that accompany it, it is 
clear that there exists a need to gain knowledge on and identify risk factors in the context of the gut 
microbiome that might affect FASD development, in pursuance of early intervention and prevention.   
FASD is an overarching term encompassing a variable ensemble of disabilities, the most profound of 
which are the neurodevelopmental abnormalities. Studies conducted in the Western Cape wine-
growing region have revealed startling rates of FASD (May et al., 2007; May, 2013) and these rates 
are amongst the highest in the world, ranging from 24 – 48 per 1000 children (May et al., 2014). 
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It has been found that a woman’s pre-pregnancy drinking profile is a crucial predictor of drinking 
during the gestational period (Skagerstrom et al., 1999; Ethen et al., 2009). Due to the nature of 
alcohol dependence, women who consume alcohol heavily before pregnancy are more likely to 
continue drinking during pregnancy (Mallard, Connor & Houghton, 2013). Hazardous alcohol 
consumption – defined as a PEth score of > 170 ng/mL (Piano et al. 2015) or consumption of one or 
more standard alcoholic drinks per day (10-12 g of alcohol/day) (Kesmodel et al., 2002a, b) –  has 
been detected in South African women (Martinez et al., 2011), particularly in the Western Cape wine-
growing region, as agricultural labourers were historically paid in alcohol as a form of remuneration 
(London, 1999). 
Trauma history is another predictor of hazardous drinking among women, though the research in 
pregnant women is limited (La Flair et al., 2013). Childhood abuse, in particular sexual abuse, has 
been linked to drinking in women in general (Wilsnack et al., 1997; La Flair et al., 2013).  
Interpersonal trauma and victimization have been reported in high rates in South Africa amongst 
women of childbearing age (Dunkle et al., 2004; Seedat et al., 2009; Gass et al., 2011). Intimate 
partner violence (IPV) and violence in relationships, are also risk factors for the use of alcohol in 
women (La Flair et al., 2012). It is possible that exposure to either recent or IPV impacts women’s 
drinking habits and consequent alcohol use during the gestational period (Fanslow et al., 2008; Eaton 
et al., 2012). Studies have also revealed an interaction between former stressors and the 
psychologically stressful life transition associated with pregnancy to be a risk factor for drinking 
during pregnancy (Rholes et al., 2001; Geller, 2004). 
1.2. Biomarkers for detecting alcohol exposure 
Validation of maternal alcohol consumption is a prerequisite for the early detection of FASD 
(Bakhireva et al., 2014). A recent study has demonstrated accurate and reliable alcohol consumption  
reporting by pregnant women in the Western Cape Province using validated instruments such as the 
AUDIT (May et al., 2018). Reliable prenatal alcohol exposure (PAE) detection has the prospect of 
early detection of offspring at risk of impending neurocognitive, behavioural and emotional problems 
and ultimately the implementation of early intervention (Bakhireva et al., 2014). 
However, alcohol use information is often absent from prenatal archives (data obtained from the 
mother whilst pregnant) due to the social stigma related to drinking during pregnancy. Over the years, 
studies have evaluated the reliability and validity of various alcohol questionnaires used to detect 
high-risk drinking and alcohol misuse. There are a number of well-established questionnaires 
currently in use, such as the Alcohol Use Disorders Identification Test (AUDIT) (Saunders et al., 
1993), TWEAK (tolerance, worried, eye opener, amnesia, cut down) (Russell, 1994) and CAGE 
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screen (cut down, annoyed, guilty or eye opener) (Ewing, 1984). However, there is a need to 
complement self-report questionnaires with laboratory tests to confirm prenatal alcohol exposure 
(PAE). Laboratory methods can measure either indirect (protein-alterations induced by ethanol) or 
direct (ethanol conjugation products/metabolites) alcohol biomarkers in biological samples of either 
the mother or the infant.  
One of the direct measures on prenatal alcohol exposure detection is Phosphatidyethanol (PEth) 
dried blood spot (DBS) testing. forms extrahepatically from the substrate phosphatidylcholine that 
is found in the membrane of red blood cells. This reaction is catalyzed by the enzyme 
phospholipase D following exposure to ethanol (Aradóttir, Seidl & Wurst, 2004; Gnann, Weinmann 
& Engelmann, 2009). A PEth value is thus a measurement (by means of liquid chromatography 
with tandem mass spectrometry (LC MS MS)) of the amount of PEth molecules in nanogram per 
milliliter of the blood the sample taken for detection (Bakhireva et al., 2014). It has recently been 
reported that measurement of  PEth levels in blood, combined with self-reported measures, 
increases the precision of detecting prenatal alcohol exposure in certain populations (Bakhireva et 
al., 2014, May et al., 2018).  
Phosphatidylethanol is a biomarker of heavy and moderate alcohol consumption and may be valuable 
to substantiate self-reported alcohol use (Viel et al., 2012). Phosphatidylethanol has a relatively wide 
window of detection of 3-4 weeks (Hannuksela et al., 2007; Isaksson et al., 2011). The sensitivity of 
PEth in liquefied blood samples can range from 53-100% (Viel et al., 2012) and 91% in DBS (Piano 
et al., 2015). A study in women of reproductive age revealed that PEth was detectable in 93% of study 
participants who averaged more than two drinks per day, but in only 53% in subjects consuming one 
or fewer drinks per day (Stewart et al., 2010). The specificity of PEth is considered superior to other 
biomarkers (Hartmann et al., 2007; Comasco et al., 2009) such as mean corpuscular volume (MCV), 
aspartate aminotransferase (AST), alanine aminotransferase (ALT), gamma-glutamyl transferase 
(GGT) and carbohydrate-deficient transferrin (CDT) (Eddine Breidi, 2019). 
Table 1.1. provides a comparison of the various alcohol biomarkers, their window of detection, the 
risk of adulteration and the ease of sample collection. 
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Table 1.1: A comparison of alcohol biomarker testing (http://www.usdtl.com/assets/State-of-the-
art_Drug_Testing_Options.pdf) 
 Urine 
(EtG)(EtS) 
Dried Blood 
Spot (PEth) 
Head Hair 
(EtG) 
Fingernail 
(EtG) 
History/Window 
of detection 
Two to three 
weeks 
Two to three 
weeks 
Up to three 
months 
Up to three 
months 
Risk of 
adulteration 
Easily 
adulterated 
Difficult to 
adulterate 
Moderately easy 
to adulterate 
Difficult to 
adulterate 
Ease of 
collection 
Requires 
notification prior 
to collection 
Minimally 
invasive 
May require 
notification prior 
to collection 
May require 
notification prior 
to collection 
 
1.3. Introduction to the human gut microbiome and factors affecting its composition 
The microbiome is defined as the collection of microbial organisms together with their genetic 
material that are present in a specific site, for example the human gastrointestinal tract (GIT)  (Valdes 
et al., 2018) (Figure 1.1). The human microbiota is a term used to describe the association of all the 
microorganisms (eukaryotes, archaea, bacteria) within the human body. The microorganisms of the 
human body can either be found on the surface of or on the inside of the body, with the gut hosting 
most of these microbes (Belkaid et al., 2013).  
The gut microbiota refers to all the microorganisms (viruses and bacteria) either passing through or 
residing in the GIT (Gerritsen et al., 2011) (see Figure 1.1). Initially it was believed that the number 
of bacterial cells (1014-1015) vastly outnumbered the number of eukaryotic/somatic cells (1013) in the 
human body (Foster et al., 2013). Recent research however revealed that the ratio is actually closer 
to 1:1 (Sender, Fuchs & Milo, 2016). The gut microbiome contains at least a 1000 different species 
of known microbes (Engen et al., 2015) with the most prominent phyla being Firmicutes and 
Bacteroides, accounting for at least 70-75% of the microbiome (Eckburg et al., 2005, Lay et al., 2005, 
Diamant et al., 2011). 
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Figure 1.1: Distribution of the normal gut flora in the human microbiome in different sections of the 
gut, including the pH values i.e. esophagus (pH < 4), colon (pH 5-5.7), cecum (pH 5.7), stomach (pH 
2), small intestine (pH 5-7) (Pei et al., 2004). 
Although the composition of the gut microbiome tends to reach stability toward adulthood, various 
factors such as diet, Body Mass Index (BMI), smoking, drugs (especially antibiotics), age, intra-
gastric pH and alcohol affect the gut microbial composition.  One of most important factors that shape 
the richness, structure, composition and diversity of the gut microbiota throughout adulthood is diet. 
A diverse diet, rich in vegetables, fibres and fruits is generally associated with a increased gut 
microbiota diversity and richness (Graf et al., 2015). 
Upon analysis of two extensively phenotyped, independent cohorts, the Belgian FGFP (discovery 
cohort, N = 1106) and the Dutch LifeLines-DEEP study (LLDeep; replication; N = 1135), a core gut 
microbiome was revealed (Falony et al., 2016). After integration with global data sets (N combined 
= 3948), a 14-genera core microbiota was discovered. 
To build upon the extensive FGPG phenotyping, 503 metadata parameters were tested to identify 
microbiome covariates (Falony et al., 2016). Overall microbiome community variation (Bray-Curtis 
dissimilarity), after removal of collinear variables, correlated with 69 factors (false discovery rate 
(FDR) <10%). Despite differences in sample analysis and sample population, 24 matching covariates 
associated (see Addendum A) significantly with microbiome composition in the LLDeep cohort, 
giving rise to an overall replication rate of 92% (Falony et al., 2016). The 24 matching covariates can 
be found in the addendum A.  
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The following paragraphs will aim to explain the effect of certain factors on the gut microbiome of 
participants in this current study investigating the effects of alcohol on the pregnant gut microbiome. 
1.3.1. Age 
Age has been found to alter gut microbial composition. In the FGFP study, age was found to be a 
nonredundant covariate (Yatsunenko et al., 2012). A nonredundant covariate can be defined as 
covariates – given all other marked covariates – that are partly correlated with both potential outcomes 
and treatment. Regardless of age, total core abundance of bacterial composition decrease whereas 
genus richness of bacterial composition  correlate positively with age (Falony et al., 2016). 
1.3.2. The Bristol Stool Scale 
Stool consistency, measured by the Bristol Stool Scale  (BSS) (Lewis & Heaton, 1997) has recently 
emerged as one of the top features influencing the gut microbiome composition (Falony et al., 2016). 
This may be because BSS scores reflect potential niche differentiation within the colon ecosystem 
and water availability (Vandeputte et al., 2016). Vandeputte (2016) observed a trend of decreasing 
alpha diversity with a decrease in stool firmness (BSS from 1-7). 
1.3.3. BMI 
BMI has also been found to be associated with gut microbial composition. When surveying previous 
studies, it was noted that studies report some conflicting results regarding the relative abundance of 
Bacteroidetes in obese subjects. Ley et al. (2006) and Turnbaugh et al. (2009) found reduced 
biodiversity and a lower relative abundance of Bacteroidetes in the gut microbiota of obese 
individuals (Ley et al., 2006; Turnbaugh et al., 2009). Turnbaugh and colleagues found higher 
concentrations of Firmicutes in the gut microbiota of obese mice (Turnbaugh et al., 2006). Another 
study found no difference between lean and obese individuals in terms of the relative abundance of 
Actinobacteria, Bacteroidetes, or Firmicutes (Duncan et al., 2008; Jumpertz et al., 2011), whereas 
another reported increased Firmicutes and Actinobacteria coupled with decreased Proteobacteria and 
Fusobacteria in obese compared to normal-weight individuals (Piombino et al., 2014). A higher 
relative abundance of Bacteroidetes in obese (Ppatil et al., 2012) or overweight (Schwiertz et al., 
2010) individuals compared to lean controls have also been reported.  
1.3.4. Smoking 
A study conducted by Stanislawski et al. (2017) associated maternal overweight/obesity with lower 
maternal alpha diversity (Stanislawski et al., 2017). Another association was noted between maternal 
pre-pregnancy obesity and excessive gestational weight gain (GWG) and taxonomic differences in 
the maternal gut microbiome. These taxonomic differences included taxa from the highly 
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genealogical family Christensenellaceae, the genera Lachnospira, Parabacteroidetes, 
Bifidobacterium and Blautia  (Stanislawski et al., 2017). 
N-nitroamines and N-nitroamides, also referred to as N-nitroso compounds, are powerful carcinogens 
to which humans are exposed to from diet and smoking . N-nitroso compounds have been associated 
with an increased occurrence of gastric cancer (Jakszyn et al., 2006). Cigarettes produce as many as 
4000 individual chemical compounds such as hydrogen cyanide, aniline, phenols, cresols, 
hydrocarbons and heavy metals such as lead, cadmium, nickel, polonium and strontium (Van de 
Wiele et al., 2005). All the aforementioned compounds have some kind of harmful effects on various 
human organs and some exert an effect on the health status of the intestines and on the microbiome 
(Tomoda et al., 2011). Tomoda et al. (2011) demonstrated a decrease of Bifidobacteria and of butyric 
and propionic acid in the cecum of rats exposed to smoking (Tomoda et al., 2011). In a similar animal 
model study by Wang et al. (2012), passive smoking was found to increase Clostridium species and 
reduce Firmicutes phylum (Lactococcus and Rumminococcus sp.) and Enterobacteriaceae. 
1.3.5. Pregnancy 
To support the development of healthy offspring, the gestational period is accompanied by significant 
changes in various physiological systems including the gut microbiome. Changes during pregnancy 
such as weight gain, immune system modulation and hormonal changes all synchronize to maintain 
the health of both the mother and the offspring (Dunlop et al., 2015). While some of the hormonal 
and metabolic changes associated with pregnancy have been well known and studied for years 
(Kumar & Magon, 2012), the drastic changes in microbiome composition occurring during the 
gestational period in pregnant women have only recently been appreciated (Nuriel-Ohayon, Neuman 
& Koren, 2016). 
Overall, the majority of studies identified significant changes in gut microbiota during pregnancy 
(Mutlu et al., 2012; Bull-Otterson et al., 2013; Leclercq et al., 2014; Cresci, 2015; Dubinkina et al., 
2017; Peterson et al., 2017). These changes all correlate with diet and initial weight, inflammation, 
weight gain and metabolic parameters. However, a deviation from this was observed in a longitudinal 
study consisting of 49 women sampled weekly, during gestation and monthly post-partum. This study 
observed no remarkable alterations in richness indexes or the gut microbiota during the gestational 
period or upon delivery (DiGiulio et al., 2015).  
Gut microbial changes during pregnancy will be discussed further in Section 1.4. 
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1.3.6. Alcohol 
Alcohol has also been found to impact on the gut microbiota. Preclinical and clinical data demonstrate 
an association between quantitative and qualitative dysbiotic changes and alcohol-related disorder 
(Engen et al., 2015). These changes may be interconnected with intestinal hyperpermeability resulting 
in endotoxemia, GIT inflammation and organ pathologies/tissue damage (Engen et al., 2015). The 
effect of alcohol on the gut microbiome will be discussed in more detail in Section 1.5. 
1.4. Gut microbiota changes during pregnancy 
Physiological changes such as immunological, metabolic and hormonal changes occur in the female 
body during the gestational period (Wen et al., 2008). There is a dramatic increase in the levels of 
hormones such as progesterone and estrogen and the immune response is dramatically transformed 
(Mor & Cardenas, 2010; Mor et al., 2011; Koren et al., 2012; Kumar & Magon, 2012; Ferrocino et 
al., 2018). For example, some form of maternal immune suppression is required to accept the fetus 
with its own immune system (Kumar & Magon, 2012). Moreover, the mother’s immune system 
should be imperforate to protect both the mother and the fetus from infections (Nuriel-Ohayon, 
Neuman & Koren, 2016). Some researchers consider pregnancy as a multi-stage progression, 
comprising pro-inflammatory stages during implantation and parturition and anti-inflammatory 
stages during mid-pregnancy (Mor & Cardenas, 2010). The last stage of pregnancy requires a pro-
inflammatory environment as expulsion of both the fetus and the placenta has to occur (Mor & 
Cardenas, 2010).  
The metabolic changes that occur during pregnancy are comparable to the changes observed in 
metabolic syndrome, including glucose intolerance, insulin resistance, weight gain, elevated fasting 
blood glucose levels, alterations in metabolic hormone levels and low grade inflammation (Fuglsang, 
2007; Newbern & Freemark, 2011; Emanuela et al., 2012; Kumar & Magon, 2012).  
Corresponding with these physiological changes observed during pregnancy, changes in the microbial 
composition at different body sites are also evident (Nuriel-Ohayon, Neuman & Koren, 2016). It is 
important to note that there is cross-talk and regulation between the physiological and microbiota 
changes, as these changes occur simultaneously (Nuriel-Ohayon, Neuman & Koren, 2016) (Figure 
1.2). 
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Figure 1.2: Summary of microbiome changes during overall pregnancy (Nuriel-Ohayon, Neuman & 
Koren, 2016). Pink refers to general changes, changes in specific taxonomy (green) and community 
diversity (orange). 
An increase in bacterial load and profound changes in the composition of the gut microbiota is 
characteristic of pregnancy (Collado et al., 2008; Koren et al., 2012). During the first trimester of the 
pregnancy, the composition of the gut microbiota resembles the gut microbiota of a healthy, non-
pregnant woman. This changes dramatically from the first to the third trimester (Nuriel-Ohayon, 
Neuman & Koren, 2016). The abundance of the members of the Actinobacteria and Proteobacteria 
phyla increases and a decrease in individual richness (alpha diversity) is observed (Koren et al., 2012). 
Additionally, a significant decrease in the levels of Faecalibacterium is observed in the third trimester 
of pregnancy compared to first trimester (Koren et al., 2012). Faecalibacterium  produce butyrate and 
possess anti-inflammatory activities, and are found to be depleted in metabolic syndrome patients 
(Haro et al., 2015).  An increase in beta diversity in pregnant women coupled with insulin sensitivity, 
higher levels of fecal cytokines reflecting inflammation and weight gain is observed in the third 
trimester (Koren et al., 2012). 
Koren et. al (2012) found that GF mice colonized with microbiota from third trimester mice showed 
significant weight gain, developed insulin resistance and had a greater inflammatory response 
compared to the first-trimester microbiota-transplanted mice. These results suggest that the gut 
microbial components dynamically contribute to changes in host metabolism and immunology in 
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pregnancy in a similar fashion as metabolic syndrome (Nuriel-Ohayon, Neuman & Koren, 2016). The 
bacterial composition observed in the third trimester of pregnancy has beneficial and necessary effects 
in the context to a pregnancy and aids in contributing to a healthy pregnancy and normal fetal 
development (Nuriel-Ohayon, Neuman & Koren, 2016). For example, weight gain during pregnancy 
is required to meet the required needs of the growing fetus, and enhanced absorption of fatty acids 
and glucose, induction of catabolic pathways, increased fasting-induced adipocyte factor secretion 
and stimulation of the immune system are among the proposed mechanisms by which the gut 
microbiota  play a role in host weight gain during the gestational period (Collado et al., 2008; Koren 
et al., 2012). 
In summary, most studies reveal significant alterations in composition of the gut microbiota across 
the three trimesters, which correlates to weight gain during pregnancy, initial diet and weight prior to 
pregnancy, inflammation and metabolic factors (Nuriel-Ohayon, Neuman & Koren, 2016).  
1.5. The effect of alcohol on the gut microbiome 
Alcohol is an alimentary disruptor of the gut microbiota (Leclercq et al., 2014).The effects of alcohol 
on the gut microbiome have been examined in both humans (Bode et al., 1984, Chen et al. 2011, 
Mutlu et al., 2012, Queipo-Ortuño, 2012) and rodents (Mutlu et al., 2009, Yan et al., 2011).  
1.5.1. Gut microbiome studies in rodent models 
In terms of biomedical science, most studies on the gut-brain axis and behavior, in particular the 
relationship between alcohol and the gut microbiome has been conducted in rodents (Cryan & Dinan, 
2012; Sampson & Mazmanian, 2015; Vuong et al., 2017). To date, there have been a number of 
rodent studies showing general, but not always similar, shifts in microbial abundance and decreases 
in diversity, particularly in Firmicutes and Bacteroidetes (Lowe et al., 2017; Peterson et al., 2017; 
Jadhav et al., 2018; Kosnicki et al., 2018; Wang et al., 2018). 
Studies conducted in murine models revealed both alcohol-induced dysbiosis and bacterial 
overgrowth after alcohol consumption (Table 1.2). Yan et. al (2011) observed that C57BL/6 mice 
who were administered a daily dose of alcohol intragastrically developed alcoholic liver disease 
(ALD) in comparison to control mice, who were fed an isocaloric liquid diet. This ALD was 
associated with dysbiosis in the cecum (the beginning of the large intestine) and bacterial overgrowth 
in the small intestine (Yan et al., 2011). Specifically, there was an overall decrease in Firmicutes and 
an increase in the relative abundance of Bacteroidetes and Verrucomicrobia of the overall gut 
microbiota of alcohol-fed mice (See Table 1.2). In contrast, there was relative prevalence increases 
of bacteria from the phylum Firmicutes in the gut microbiota of the control-fed mice. In rats who 
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received daily alcohol intragastrically, Mutlu et al. (2009) observed altered colonic mucosa-
associated bacterial microbiota, that ultimately resulted in ileal and colonic dysbiosis. A previous 
study resulted in an increase in intestinal hyperpermeability in Sprague-Dawley rats following ten 
weeks of exposure (Keshavarzian et al., 2009).  
It remains unclear, however, how the gut microbiome of rodents can be applied to humans. The native 
composition of their microbiome is dissimilar and their colonic contents are processed differently 
(Kostic,  Howitt & Garrett, 2013). The method of alcohol consumption in rodents are often in high 
concentration and of short duration (Bertola et al., 2013) – an unusual pattern in humans. In addition, 
rodents metabolize alcohol differently than humans (Cederbaum et al., 2009). 
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Table 1.2: The effect of alcohol on the gut microbiome studies in animal model 
Reference Organism Alcohol 
exposure 
experimental 
design 
Microbiome 
analysis 
methodology 
Microbial taxa altered 
following alcohol exposure 
Major findings 
(Yan et al., 2011) Mouse 30.9 g/kg/day 
3-week regime 
of alcohol-fed 
mice vs. 
control 
isocaloric 
liquid 
٠ 16S rRNA gene 
amplicon 
sequencing 
(pyrosequencing) 
٠ Mouse cecum 
↑Verrucomicrobia phylum: 
↑Akkermansia genus 
↑Bacteroidetes phylum: 
↑Bacteroidetes class, 
↑Bacteroidales order, 
↑Bacteroides genus, 
↑Porphyromonadaceae 
family 
↓Firmicutes phylum: 
↓Lactococcus, ↓Pediococcus, 
↓Lactobacillus, 
and ↓Leuconostoc genus 
Alcohol-fed mice had GIT microbial 
community composition significantly 
different from control mice, indicating 
dysbiosis due to alcohol exposure. 
(Mutlu et al., 2009) Rat 10-week 
alcohol-fed 
٠ Length 
heterogeneity 
Ileal and colonic dysbiosis. Alcohol-fed rats have GIT microbial 
community composition significantly 
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Reference Organism Alcohol 
exposure 
experimental 
design 
Microbiome 
analysis 
methodology 
Microbial taxa altered 
following alcohol exposure 
Major findings 
rats (8g/kg/day 
intragastric-
ally) vs. 
control 
isocaloric 
dextrose 
PCR (LH-PCR) 
٠ Ileal and 
colonic rat 
mucosa tissue 
Increased endotoxin production. 
Significant decrease in the 
Shannon and richness indices in 
the ileum in comparison with the 
colon 
Lactobacillus GG and oats 
supplementation appeared to 
prevent alcohol-induced 
alteration 
Dysbiosis in the mucosa-
associated bacterial microbiome 
altered from control rats. Dysbiosis 
may be an important mechanism of 
alcohol-induced endotoxemia. 
(Zhang et al., 2019) Rhesus 
maqaques 
Age-matched 
animals 
consuming 
alcohol 
compared to 
those animals 
16S rRNA 
sequencing 
Loss of alpha diversity with 
alcohol consumption, partially 
ameliorated by abstinence 
Higher levels of Firmicutes 
observed 
Most of the changes were reversed by 
a short period of abstinence 
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Reference Organism Alcohol 
exposure 
experimental 
design 
Microbiome 
analysis 
methodology 
Microbial taxa altered 
following alcohol exposure 
Major findings 
with no access 
to alcohol 
Metabolomic changes mostly 
associated with differences in 
glycolysis and different fatty 
acids present in the animals 
(Xu et al., 2019) Male 
C57BL/6 
mice aged 
4 weeks 
 
Gradual 
increase of 
alcohol in 
water 
(volume/volu
me) from 2%, 
4%, to 6 % 
every 3 days 
Final 
concentration 
reached was 
8% 
16S rRNA 
sequencing from 
fecal samples 
collected on day 
20 
Total bacterial 
metagenomic 
DNA was 
extracted from 12 
mice (n=6 per 
group) 
QIIME 
Pandaseq 
Alcohol treated mice were more 
abundant in Bacteroidales and 
Prevotellaceae compared to mice 
exposed to no alcohol 
 
Alcohol-treated mice showed 
similar community structure in 
the Shannon and Chao1 metrices 
 
Chronical alcohol exposure 
resulted in expansion of the 
observed species bacterial 
overgrowth 
Alcohol group exhibited 28 specific 
OTUs: Firmicutes, Erysipelotricha-
ceae, Actinobacteria, 
Coriobacteriaceae, Turicibacteraceae) 
 
Control group exhibited 18 unique 
OTUs: Proteobacteria, Alcaligen-
aceae, Helicobacteraceae 
 
Seperation of OTUs due to chronic 
ethanol exposure was observed, 
indicating the different microbiota 
composition between alcohol-treated 
and control mice. 
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Reference Organism Alcohol 
exposure 
experimental 
design 
Microbiome 
analysis 
methodology 
Microbial taxa altered 
following alcohol exposure 
Major findings 
Ethanol 
exposure 
lasted 21 days 
Daily food, 
liquid 
consumption 
and body 
weight were 
recorded every 
3 days  
Trimmomatic 
 
 
1. kg – kilogram  
2. g – gram  
3. rRNA – Ribosomal ribonucleic acid 
4. PCR – Polymerase chain reaction 
5. LH-PCR – Length heterogeneity polymerase chain reaction 
6. GIT – Gastrointestinal tract 
7. qPCR – quantitative polymerase chain reaction 
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1.5.2. Human studies 
Studies have also investigated alcohol consumption and changes in the gut microbiome (Dubinkina 
et al., 2017; Kosnicki et al., 2018). While a variety of microbiome alteration findings exist across 
these studies, a commonality of a decrease in microbiome diversity with alcohol exposure was 
observed (Zhang et al., 2019). Consequences of decreased microbial diversity include liver cirrhosis 
characterized by higher gut dysbiosis levels. Depletion of massive commensals from Bacteroidales 
accompanies an increase in taxa normally inhabiting the oral cavity, likely linking to abnormal bile 
secretion (Qin, Ruiqiang Li1, et al., 2010; Dubinkina et al., 2017). Chronic alcohol consumption has 
been found to result in bacterial dysbiosis and bacterial overgrowth in the GIT of humans (Engen et 
al., 2015) (Table 1.3). 
A study investigating sigmoid biopsies from alcoholics with and without ALD as well as healthy 
controls using 16S rRNA gene sequencing revealed that alcohol consumption altered the mucosa-
associated microbiota in humans (Mutlu et al., 2012). Participants with greater microbiome dysbiosis 
were found to exhibit increased intestinal permeability, a leaky gut and had more severe depression, 
anxiety and alcohol use disorders (Leclercq et al., 2014). Furthermore, a significant decrease in 
microbial diversity was demonstrated in patients with alcohol derived liver pathologies (Chen et al., 
2011). A vast amount of challenges have to be overcome when dealing with human studies (Kelly et 
al., 2016). High inter-individual variability due to vast differences in environment and diet can be 
distinct effects on the microbiome (Lozupone et al., 2012).  
The microbial composition of alcoholics either with or without liver disease has also been found to 
be significantly altered, reflecting a higher abundance of Proteobacteria and a lower abundance of 
Bacteroidetes in the alcoholics group with liver disease compared to alcoholics without liver disease 
(Mutlu et al., 2012) (See Table 1.3). Human subjects diagnosed with Hepatitis B or alcohol-related 
cirrhosis harbor increased levels of Proteobacteria and Fusobacteria and reduced levels of 
Bacteroidetes (Chen et al., 2011). Generally, patients with liver cirrhosis due to abnormal bile 
secretion and alcoholics exhibit microbiota enriched in Proteobacteria of the class 
Gammaproteobacteria and Firmicutes of the class Bacilli (Engen et al., 2015). 
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Table 1.3: The effects of alcohol exposure on the human gut microbiome 
Reference Organism Alcohol 
exposure 
experimental 
design 
Microbial taxa altered following alcohol 
exposure 
Major findings 
(Queipo-Ortuño, 
2012) 
Healthy 
patients on a 
20-day intake 
of either red 
wine, de-
alcoholized 
red wine, or 
gin 
• Quantitative 
real-time PCR 
• Fecal 
samples 
Red wine 
↑Proteobacteria phylum: (↓Gin) 
↑Fusobacteria phylum: (↑De-Alcoholized) (
↓Gin) 
↑Firmicutes phylum: (↓Gin) 
↑Bacteroidetes phylum: (↓Gin) 
Red wine 
↑Enterococcus genus (↑De-alcoholized) (↓
Gin) 
↑Prevotella genus (↑De-Alcoholized) (↓
Gin) 
↑Bacteroides genus (↑De-alcoholized) (↓
Gin) 
Red wine consumption, compared to de-
alcoholized red wine and gin, 
significantly altered the growth of 
selected GIT microbiota in healthy 
patients. This microbial community 
composition could influence the host’s 
metabolism. Also, polyphenol 
consumption suggests possible prebiotic 
benefits, due to the increase growth of 
Bifidobacterium. 
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Reference Organism Alcohol 
exposure 
experimental 
design 
Microbial taxa altered following alcohol 
exposure 
Major findings 
↑Bifidobacterium genus (↑De-alcoholized) (
↓Gin) 
↑Bacteroides uniformis species: 
(↑De-alcoholized) (↓Gin) 
↑Eggerthella lenta species (↑De-alcoholized) 
(↓Gin) 
↑Blautia coccoides-Eubacterium rectale 
species 
(↑De-alcoholized) (↓Gin) 
↓Clostridium genus (↓De-alcoholized) (↑
Gin) 
↓Clostridium histolyticum species 
(↓De-alcoholized) (↑Gin) 
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Reference Organism Alcohol 
exposure 
experimental 
design 
Microbial taxa altered following alcohol 
exposure 
Major findings 
(Mutlu et al., 2012) • Alcoholics 
with and 
without 
alcoholic 
liver disease/ 
healthy 
patients 
• 16S rRNA 
gene amplicon 
sequencing 
(pyrosequenci
ng) 
• Mucosa 
sigmoid 
biopsies 
 
↑Proteobacteria phylum: 
↑Gammaproteobacteria class 
Firmicutes phylum: ↑Bacilli & ↓Clostridia class 
↓Bacteroidetes phylum: 
↓Bacteroidetes class 
Verrucomicrobia phylum: ↓Verrucomicrobiae 
class 
in a subgroup of alcoholics with and without 
liver disease 
Chronic alcohol use is associated with 
changes in the mucosa-associated colonic 
bacterial composition in a subset of 
alcoholics vs. healthy controls. Dysbiotic 
microbial community alteration 
correlated with high level of serum 
endotoxin. 
 
(Chen et al., 2011) ٠ Cirrhotic 
vs. healthy 
controls 
٠ Alcoholic 
cirrhotic/ 
healthy 
patients 
• 16S rRNA 
gene amplicon 
sequencing 
(pyrosequenci
ng) 
• Fecal 
samples 
↑Gammaproteobacteria class: 
↑Enterobacteriaceae family 
Firmicutes phylum: ↑Bacilli class: 
↑Streptococcaceae family; Clostridia class: 
↑Veillonellaceae and ↓Lachnospiraceae family 
Fecal GIT microbial community 
composition significantly altered in 
patients with cirrhosis compared with 
healthy individuals. 
*Prevotellaceae was enriched in 
alcoholic cirrhosis patients when 
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Reference Organism Alcohol 
exposure 
experimental 
design 
Microbial taxa altered following alcohol 
exposure 
Major findings 
٠ Hepatitis B 
virus 
cirrhosis/ 
alcoholic 
cirrhotic 
patients 
↑Fusobacteria phylum: ↑Fusobacteria class 
↓Bacteroidetes phylum: ↓Bacteroidetes class 
*Bacteroidetes phylum: ↑Prevotellaceae family 
compared with HBV cirrhosis patients 
and healthy controls. 
 
(Bode et al., 1984) Alcoholic/ 
Hospitalized 
control 
patients 
• Aerobic and 
anaerobic 
bacterial 
culture 
incubation  
• Jejunum 
aspirates 
↑Gram-negative anaerobic bacteria 
↑Endospore-forming rods 
↑Coliform microorganisms 
 
Chronic alcohol abuse leads to small 
intestinal bacterial overgrowth, 
suggesting dysbiosis may contribute to 
functional and morphological 
abnormalities in the GIT. 
1. kg – kilogram  
2. g – gram  
3. rRNA – Ribosomal ribonucleic acid 
4. PCR – Polymerase chain reaction 
5. LH-PCR – Length heterogeneity polymerase chain reaction 
6. GIT – Gastrointestinal tract 
7. qPCR – quantitative polymerase chain reaction 
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Findings from both animal and human studies indicate that alcohol consumption disrupts the gut 
microbiota and ultimately results in dysbiosis. In turn, this dysbiosis may be a contributing factor to 
the pathogenesis of liver disease by means of alteration on the intestinal barrier function, leading to a 
phenomenon known as the leaky gut (hyperpermeability of the gut lining causing toxins to leak into 
the blood stream) and the production of pathogenic/proinflammatory microbial products such as LPS 
(Engen et al., 2015). Better understanding of the gut will aid the identification of new diagnostic 
testing. 
Investigation of the microbiome of pregnant women could possibly shed light on the potential role of 
the maternal gut microbiome in the etiology of FASD. To our knowledge, this is the first study 
investigating the gut microbial composition in women who exhibit any alcohol consumption 
compared to those without.  
1.6. Methods to investigate the microbiome 
In order to understand the effects of alcohol on the gut microbiota, a clear understanding of the 
methods used to measure and assess the changes in microorganism populations is necessary. 
Although researchers aim to obtain direct measurements of microorganisms in a specific location 
such as the GIT, it is difficult due to the following confounding factors: microorganisms possessing 
the ability to harbor and maintain extraordinary genetic variability in a restricted number of cellular 
morphologies (Woese, 1987) and sharing different functional capabilities with closely related 
microorganisms, with some of these functions being redundant (Engen et al., 2015). Microorganisms 
are particularly difficult to isolate under laboratory conditions  and experiences high metabolic 
diversity within single microbial lineages (Engen et al., 2015). 
Taking all these confounding factors into account, it is clear that molecular tools are necessary to 
examine ribonucleic acid (RNA) and DNA of microorganisms as well as the complex communities 
they exist in. 
Targeted approach can be defined as the process of deliberately selecting a rRNA (in terms of this 
study), subjected to 16S rRNA sequencing to minimize genetic complexity. In order for this method 
to be successful, researchers need to identify a specific gene target, which is different enough to 
differentiate between microorganisms, but common enough to identify them (Perez-Cobas et al., 
2012). Ribosomal RNA (rRNA) genes are needed for protein synthesis and these genes can thus be 
useful in determining the composition of complex microbial communities such as the gut 
microbiota (Langille et al., 2013) . These genes harbor DNA regions that are subject to high inter-
species variability, making them ideal identifiers. However, these genes also harbor highly 
conserved regions (low inter-species variability) and they can thus aid in the development of a vast 
Stellenbosch University https://scholar.sun.ac.za
22 
 
amount of PCR primers for further investigation and a more accurate approach. The  vast amount of 
rRNA genes have become the “gold standard” for molecular analyses of the gut microbiome (Engen 
et al., 2015). In addition to PCR-techniques, these genes can also be analysed with indirect 
fingerprinting or direct sequencing (Next Generation Sequencing) (Engen et al., 2015).  
To start the profiling of the GIT microbiota via 16S rRNA gene analysis, researchers extract 
genomic DNA from mucosa-associated colonic biopsies and fecal matter. Following this procedure, 
DNA is amplified using primers that specifically target the conserved regions of the 16S rRNA 
gene from all bacteria and sometimes archaea (Claesson et al., 2010). This is followed by amplicon 
sequencing (Langille et al., 2013). It is of note to mention that 16S sequencing can only be applied 
to the investigation of bacteria and some archaea. Next Generation Sequencing (NGS) approaches 
can have sequence libraries of 10 000 to 100 000 sequences per sample. Finally, bioinformatics 
tools such as the Ribosomal Database Project (RDP) (Cole et al., 2005), Mothur (Schloss et al., 
2009) and Quantitative Insights Into Microbial Ecology (QIIME) (Caporaso et al., 2010) are 
employed to process this high-throughput data. This method is ideal for a preliminary screening of 
large studies to allow researchers to detect large-scale shifts in the structure and statistically 
significant changes in the relative abundance of organisms in a microbial community. 
However, limitations with regards to 16S rRNA sequencing do exist:  the true diversity of an organism 
in an environmental sample can be distorted by the varying number of 16S rRNA genes among 
bacterial lineages, no clear physiological information such as bacterial clustering/colony formation 
can be obtained from an organism (Jovel et al., 2016), the presence of the rRNA gene does not provide 
assurance that the organism is active in the system studied at the time of sampling for DNA-based 
methods, there are difficulties in strain and phylogenetic-resolution among some taxa and this is 
dependent on the region of the rRNA gene analyzed and the results can be confounded by dormant, 
weakly active or dead DNA from organisms contributing to the overall composition of the microbial 
community (Jovel et al., 2016). 
Shotgun sequencing approach provides a holistic picture of the genetic content, microbial 
communities and patterns of expression. This method has the ability to identify novel genes and gene 
variants, as it is not dependent on known DNA sequences. This technique allows researchers to 
identify metabolically active organisms at the time of sampling (metatranscriptome) and can directly 
link the function of the community to specific bacterial lineages as deep as species and subspecies 
level (metagenome and metatranscriptome). Limitations of shotgun sequencing include very high 
computational power, high cost and sophisticated software use (Kozich et al., 2013). In-depth analysis 
such as shotgun sequencing allows the researchers to pinpoint key members of the gut microbiota 
(Greenblum, Turnbaugh and Borenstein, 2012) as well as vital genes associated with the microbiota 
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(Karlsson et al., 2013). This method can even go so far as to predict the physiology of the dominant 
microorganisms in an environment undergoing global changes (Qin, Ruiqiang Li1, et al., 2010). In 
addition to this, metagenome sequencing, based on genes other than rRNAs, gives the researcher a 
detailed taxonomic classification of the communities up to species and strain level (Morowitz et al., 
2011; Poretsky et al., 2014). 
Although powerful, the metagenomics and metatranscriptomic sequencing approaches can be limited 
by factors such as high cost involved with the techniques, inadequate reference to known databases, 
high diversity of the microbes in the GIT, limiting the coverage of other organisms that have a lower 
abundance, the need for high computational demand and memory for analysis (Morowitz et al., 2011; 
Poretsky et al., 2014). 
1.7. The present study 
Currently, there exists a gap in the knowledge on the effects of alcohol on the gut microbiome during 
pregnancy. To our understanding, no previous study has been conducted on the effects of alcohol on 
the human pregnant gut microbiome. 
The main aim of the study was therefore to investigate the microbiome, in order to determine whether 
the gut microbiome in pregnant women who consume alcohol differs from those who do not use 
alcohol.  
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Chapter 2 – Materials and Methods 
 
2.1.  Study participant recruitment 
The Fetal Alcohol Syndrome (FAS) Research Study (FASER-SA) is a collaborative study of the 
University of North Carolina (UNC, USA), the University of New Mexico (UNM, USA), the Faculty 
of Medicine and Health Sciences of Stellenbosch University (SU), and the Medical Research Council 
of South Africa (MRC). The current study is nested within the FASER study. The study aims to 
improve life for all by decreasing the prevalence of FASD through socially and ethically acceptable 
broad preventative activities within communities by means of collaborative research. 
Throughout the study, the antenatal care clinics in Robertson and Wellington kept a register of all the 
pregnant women who registered for antenatal care. This register was used by the FASER staff to keep 
track of and follow-up the women. 
2.1.1.  Metadata collecting/questionnaire procedure 
All pregnant women were visited by the staff either at their homes or at their place of work where a 
short interview to assess drinking habits was done. During the visit a short questionnaire on eating, 
lifestyle and nutrition habits was completed. The Alcohol Use Disorders Identification Test (AUDIT), 
a 10-item screening tool developed by the World Health Organization (WHO) to assess alcohol 
consumption, drinking behaviours, and alcohol-related problems, was included in the 
questionnaire. Participants also completed a basic biomarker questionnaire to assess general health, 
stool consistency and drug use. Age, weight, height, body mass index (BMI) and Bristol Stool Scale 
(BSS) (Vandeputte et al., 2016) were also measured. No specific trimester was targeted; however, the 
clinics aim to register all pregnant women before week 20 of gestation. 
2.2.  Ethics approval 
Ethics approval for this study was granted by The Health Research Ethics Committee of Stellenbosch 
University Faculty of Medicine and Health Sciences (SU approval #N12/01/013, February 20, 2013; 
UNC#122039). All participants provided informed consent for stool sample collection for the study. 
2.3.  Inclusion and exclusion criteria  
Confirmed pregnant women of gestational age between 5 – 41 weeks after the first day of their 
respective last menstrual period date were included. Women were excluded from this study if they 
were not pregnant or less than 5 weeks from the first day of their respective last menstrual period 
date. Further exclusion criteria included a known diagnosis of irritable bowel syndrome (IBS), 
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inflammatory bowel disease (IBD) or coeliac disease, antibiotic treatment during the past 6 months 
or diarrhea one week prior to the day of sampling. 
Eighty-six (negative control excluded) samples were selected for the gut microbiome study, based on 
availability of specific participant metadata i.e. height, weight, smoking status, BMI, BSS and 
gestational weeks. These samples were collected between January 2015 and May 2018. 
2.4. Objective assessment of alcohol use 
A DBS sample for PEth detection was obtained on the day of recruitment by a research assistant 
under supervision of a project officer either at the clinic during the visit, or at participants’ respective 
homes. DBS specimens were placed in envelopes and sent to the United States Drug Testing 
Laboratories (USDTL) in Rosemont, Illinois, United States of America for PEth detection. 
Phosphatidylethanol (PEth) levels in DBS were measured by means of liquid tandem mass 
chromatography. Alcohol consumption in the participants was measured by PEth biomarker 
detection. A PEth score of 8 ng/mL was interpreted as indication of alcohol use 1-3 weeks prior to 
sampling (Stewart et al., 2010; Bakhireva, 2014). We grouped the participants based on a PEth score, 
with those consuming alcohol referred to as PEth+ (PEth ≥ 8 ng/mL, as per Fleming & Vue, 2015). 
2.5.  Stool sample collection  
The women were visited in person and the process of the stool sample collection was explained to 
them in detail. Stool samples were self-collected using a Fecotainer (AT Medical BV, Netherlands) 
and the stool sample was transferred into a special sample collection tube containing preservative 
fluid, which was provided to the participant (included in the PSP© Spin Stool DNA plus kit) 
(STRATEC Molecular, Germany). The preservative fluid in the PSP Kit Collection Tube ensures that 
the stool samples are stable for three months at room temperature for ease of transport and storage. 
Given the rural location, the PSP kit was selected as most optimal for this study given the fact that it 
effectively preserved the stool sample at room temperature as some participants had no freezer 
facilities at their homes. 
Once the stool samples were collected at the clinics, FASER researchers were informed by clinic staff 
to collect the samples. If possible, samples were stored at normal freezer temperatures by participants 
prior to delivery to the clinics, samples were then frozen as soon as possible (on the same day). 
Samples were then transported on ice to the FMHS laboratory and stored at -20°C directly upon 
delivery at the laboratory, until further use. 
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2.6. DNA extraction from stool samples 
Microbial DNA was extracted from stool samples according to the Stratec Molecular manufacturer’s 
instructions, specifically Protocol 2, for the isolation of total DNA from 1.4 mL pre-stabilised stool 
(Stratec Molecular, Germany). Enrichment for bacterial DNA was achieved by incubation of the 
samples in a thermomixer under continuous shaking at 900 rpm for 10 minutes at 95°C prior to DNA 
extraction. The extracted DNA was stored at -80°C immediately after extraction.  
Both the quality and the quantity of the microbial DNA extracted from the stool samples were 
measured using the NanoDrop™ 1000 Spectrophotometer V 3.7 (Thermo Scientific, Delaware, 
USA.) The nanodrop measures the concentration (ng/µL) of nucleic acids (nucleotides, RNA, single 
strand (ss) DNA, and double strand (ds) DNA) at an absorbance of 260 nm. The ratios of absorbance 
at 260 nm to 230 nm (260/230 ratio) and 260 nm to 280 nm (260/280 ratio) are used to assess the 
purity of the nucleic acid sample. The 260/230 ratio values are typically in the range of 2.0-2.2 and 
any value lower than this may indicate the absorption of contaminants at 230 nm. In the case of a 
very low 260/230 ratio measurement, an ethanol purification procedure was followed to purify the 
sample. A low 260/280 ratio may indicate a low nucleic acid yield or contamination of the nucleic 
acid sample with proteins or phenol.  
2.7. 16S rRNA sequencing preparation 
To characterise the bacterial populations in the fecal DNA samples, the V3 and V4 variable regions 
of the bacterial 16S rRNA gene were amplified and sequenced by NxtDX (Ghent, Belgium) only 
using the standard Illumina 16S Metagenomic Sequencing Library Preparation protocol (Illumina). 
A total of 87 samples, comprising 86 fecal DNA samples and one negative extraction control, were 
analysed. The negative extraction control was obtained by following the microbial DNA extraction 
protocol described above but using only the preservative fluid without any stool sample as starting 
material. This was done to ensure that all extraction consumables and processes used in the extraction 
procedure were free of bacterial contamination, as some studies have shown that these consumables 
could contain low levels of bacteria. Data from the negative extraction control was used during the 
data analysis step to correct for any bacterial noise present in the PSP kit consumables.  
The 16S metagenomic sequencing library preparation steps are illustrated in Figure 2.1. The full-
length primer sequences (IUPAC nucleotide nomenclature) to target this specific region as well as 
the Illumina overhang adapter sequences to be added to locus-specific sequences (Figure 2.2) can be 
found in Table 2.1. 
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Figure 2.1: 16S metagenomic sequencing library preparation steps. 
Table 2.1: Full-length primer sequences (IUPAC nucleotide nomenclature) and Illumina overhang 
adapter sequences 
 
 
16S Amplicon PCR Forward Primer = 5' 
TCGTCGGCAGCGTCAGATGTGTATAAGAGACAGCCTACGGGNGGCWGCAG 
 
 
16S Amplicon PCR Reverse Primer = 5' 
GTCTCGTGGGCTCGGAGATGTGTATAAGAGACAGGACTACHVGGGTATCTAA
TCC 
 
 
 
Forward overhang: 5’ TCGTCGGCAGCGTCAGATGTGTATAAGAGACAG‐ [locus‐ 
specific sequence] 
 
 
Reverse overhang: 5’ GTCTCGTGGGCTCGGAGATGTGTATAAGAGACAG‐ [locus‐ 
specific sequence] 
 
 
First Stage PCR
PCR Clean-Up
•Reagents: 
•Ampure XP 
Beads
•Fresh 80% 
EtOH
•RSB
•Output:
•Post-PCR Plate
Second Stage PCR
PCR Clean-Up 2
•Reagents: 
•Ampure XP 
Beads
•Fresh 80% 
EtOH
•RSB
•Output:
•Post-PCR Plate
Third Stage
•Library 
Quantification 
and 
Normalization
•Library 
Denaturing and 
MiSeq Sample 
Loading
P
rim
er S
eq
u
en
ces 
O
v
erh
an
g
 ad
ap
ter S
eq
u
en
ces 
Stellenbosch University https://scholar.sun.ac.za
28 
 
The upstream and downstream complementary user-defined forward and reverse primers (Figure 2.2) 
that are designed with overhang adapters are used to amplify templates from genomic DNA. 
Subsequently, a limited-cycle amplification step is performed to add multiplexing indices and 
Illumina sequencing adapters. After this step, libraries are normalised and pooled, and sequencing on 
the MiSeq using the V3 reagents follows.  
 
Figure 2.2: 16S V3 and V4 Amplicon Workflow (Illumina 16S Metagenomic Protocol, Illumina Inc). 
The expected size for the V3-V4 region, after the removal of indexes and adapters, is 550 base pairs 
(bp). The samples were normalised and pooled into one sequencing library according to the standard 
Illumina 16S sequencing protocol. Once the Illumina adaptors and indices are added the size is 
approximately 630 bp. 
The expected number of reads per sample, with 96 pooled samples per run, would therefore be more 
than 10 000. This is generally considered as sufficient depth for accurate metagenomics surveys 
(http://res.illumina.com/documents/products/appnotes/appnote_miseq_16s.pdf.). It is standard 
practice to include a PhiX control (PhiX genome library, Illumina Inc) in metagenomics sequencing 
runs to increase the diversity of the amplicon library; thereby improving cluster recognition and 
sequence data quality on the Illumina instrument (Kozich et al., 2013; Fadrosh et al., 2014). The 
Illumina internal quality control procedure carried out by the Illumina sequencer involved removal 
of reads not passing the internal Illumina Chastity Filter (Illumina Inc). Subsequently, reads matching 
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the PhiX control and/or Illumina adaptors were removed by the sequencing facility. A second quality 
assessment was performed by NXTDX using the FASTQC tool version 0.10.0 (Andrews, 2010). 
This can be attributed to microbial contaminants. The Illumina 16S protocol recommends 100 000 
reads per sample. This recommendation is however overly generous as it cover all sample types, 
including those from very complex environments such as soil. For gut microbiota, Falony et al. (2016) 
recommend 10 000 reads per sample, but previous studies have identified robust patterns in gut 
microbiota with only 1000 reads per sample (Hamady & Knight, 2009). The lack of adding external 
microbial DNA to a sample (a spike-in control) is discussed in the limitations of the study under 
Section 4.7. 
 
2.8.  16S Data analysis 
The Illumina sequence data was analysed using the open source Mothur software package (Schloss 
et al., 2009) by NXTDX, a high quality research testing facility in Gent, Belgium. Mothur serves as 
a single resource for bacterial 16S sequence data analysis from quality filtering of raw sequences 
through to bacterial classification and community analysis, including calculation of α and β-diversity 
metrics (Schloss et al., 2009). 
The first step in the analysis was the merging of the paired end reads into contiguous sequences 
(contigs). Next, any sequences with ambiguous base pairs were removed. Following this step, only 
unique sequences were retained as this reduces the computational resources required for analysis. The 
Illumina sequence data analysis pipeline is shown in Figure 2.3. 
 
Figure 2.3: Illumina sequence data analysis pipeline 
The unique reads were then aligned against the SILVA 16S database v119 (https://www.arb-
silva.de/). The SILVA database is a quality-controlled and up-to-date database of aligned ribosomal 
rRNA gene sequences from the Archaea, Bacteria and Eukaryota domains (Quast et al., 2013). The 
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SILVA database contains 3,194,778 small subunits and 288,717 large subunit rRNA gene sequences. 
The SILVA taxonomy and the new, non-redundant SILVA datasets are extensively curated and offer 
a superior reference for high-throughput classification of data from next generation sequencing 
(NGS) approaches, compared to other 16S rRNA reference databases (Quast et al., 2013). 
Sequencing reads were pre-clustered based on the alignment to the SILVA database and a pseudo-
single linkage algorithm in Mothur, implemented to remove all the possible sequences that are likely 
due to sequencing errors. UCHIME, an algorithm designed to detect chimeric sequences, was then 
used in Mothur to remove any potentially chimeric sequences (Edgar et al., 2011). Chimeric 
sequences arise when an aborted extension product from an earlier cycle of polymerase chain reaction 
(PCR) starts functioning as a primer in a subsequent PCR cycle. A chimeric molecule is formed after 
the aborted extension product from one DNA target anneals and misprimes on an improper template. 
The resulting PCR product is then a chimera of two target DNA molecules (Figure 2.4) (Haas et al., 
2011). 
 
 
 
 
 
 
 
 
Figure 2.4: Formation of chimeric sequences during PCR (Haas et al., 2011). The above figure 
indicates how an earlier PCR cycle product can function as a primer for a subsequent PCR cycle. A 
chimeric molecule is formed when the aborted extension product anneals to and primes DNA 
synthesis from an improper template.  
Quality filtered, non-chimeric sequences were then clustered into operational taxonomic units 
(OTUs) using a distance cut-off of 0.03 (97% identity) (Haas et al., 2011). OTUs are bins of sequences 
clustered based on sequence identity (Nguyen et al., 2016). A 97% identity cut-off is generally 
accepted as defining species (Haas et al., 2011; Nguyen et al., 2016; Edgar., 2018). The Ribosomal 
Database project (RDP) Classifier (Wang et al., 2007) was then used to assign taxonomy to the 
sequences, using a minimum bootstrap confidence value of 80%. An OTU table was generated, 
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indicating the classification and number of reads of OTUs in each sample. These classifications and 
abundances were used in all subsequent analyses.  
OTU read counts in the OTU table were converted to relative abundances by normalising to the 
number of reads in each sample. The abundances of the bacterial taxa in the stool samples were 
visualised by generating a heat map of the taxa relative abundance in the samples using the R package 
Heatmap3 (Zhao et al., 2014) in R 3.3.0 (R Core Team 2016) and the OTU table.  
2.8.1.  Alpha and beta diversity analysis of stool microbiota 
The microbiome community composition and structure in fecal samples were assessed by alpha 
diversity analyses. Alpha diversity metrics describe the diversity within samples, based on species 
richness and/or species richness and evenness (Table 2.2) (Oksanen, 2016). Richness is a 
measurement of the number of species present in a sample. Evenness is a measurement of the 
distribution of abundances of the different species that make up the richness in that sample. The alpha 
diversity indexes (Simpson, Dominance, Shannon and Shannon Equitability) were calculated and 
plotted in R 3.3.0 (R Core Team 2016), using a custom R script (See Addendum B). The alpha 
diversity metrics used in this study are described in Table 2.2. (Oksanen, 2016). 
Table 2.2: Alpha diversity metrics used in this study 
Alpha Diversity Index  Description Component of diversity 
estimated 
Observed species Number of species or OTUs in a 
sample 
Richness 
Shannon Number of highly abundant species 
in a sample 
Richness and evenness 
 
We tested differences in fecal alpha diversity in weight, age, height, BMI and BSS by using the 
Mann–Whitney U test and The Kruskal–Wallis tests. Statistical significance was set at p <= 0.05. 
Nonparametric Mann-Whitney test is widely used in microbiome studies reviewed in as the 
distribution of OTUs in microbiome data does not usually have a normal distribution (Weiss et al., 
2017). 
Differences in the overall community composition between samples (beta diversity) were determined 
using the Yue and Clayton index (Yue and Clayton, 2005). The Yue and Clayton theta similarity 
coefficient takes into consideration the proportions of both shared species and non-shared species 
Stellenbosch University https://scholar.sun.ac.za
32 
 
between populations. It is therefore a measure of community structure.  The Yue and Clayton index 
ranges from 0 to 1, with 0 indicating completely dissimilar communities and 1 complete similarity. 
Principle co-ordinates analysis (PCoA) was performed on the pairwise matrix of the Yue and Clayton 
coefficients between all samples. 
2.9.  Bioinformatics and statistics 
2.9.1.  Statistics of metadata 
The normal/non-normal distribution of the metadata was calculated in XLSTAT. For a parameter to 
be normally distributed, the criteria were as follows: a skew value of 0 or close to 0 and the mean and 
the median are nearly the same. To establish whether the data tails off too quickly or slowly, a kurtosis 
value ranging from – 2 to 2 was used. Data for age, height, weeks and trimesters were found to be 
normally distributed while data for BMI and PEth-scores were non-normally distributed. If the data 
was normal, mean and SD were used for description. In contrast, median and IQR were used to 
describe the non-normally distributed metadata. 
Categorical data were described in counts and frequencies or percentages. The p-value taken to 
represent significance was p = < 0.05. 
2.9.2.  MaAsLin analysis 
The linear discriminant analysis (LDA) effect size (LEfSe) method (Segata et al., 2011) is used to 
identify bacterial taxa that are differentially abundant between sample groups. LEfSe uses two non-
parametric statistical methods, Kruskal-Wallis and Wilcoxon, with p-value of <0.05 defined as 
significant, to identify taxa which are significantly different in proportional abundance between 
groups.  MaAsLin thus allows one to identify taxa that are significantly different in abundance 
between groups, in our case PEth+ and controls, while deconfounding the effects of other metadata. 
MaAsLin is a multivariate statistical framework able to perform improved additive general linear 
models between groups of data (Bajer et al., 2017) such as the metadata and relative taxonomic 
abundances for this cohort.  MaAsLin can be described as an “evolution” of LEfSe that considers a 
greater number and variety of metadata. 
MaAsLin uses additive, enhanced linear models to detect associations between one group of data 
(microbial abundance of specific taxa) and another group (metadata/predictors) (Sordillo et al., 2017). 
Using this multivariate approach, one can measure all outcomes of measured taxa simultaneously. 
MaAsLin controls for all metadata such as smoking, BMI, BSS and age (see section 1.3) that can 
affect the gut microbiome.  
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MaAsLin was used to identify specific microbial taxa significantly enriched in the control (< 8 
ng/mL) and PEth+ groups (≥ 8 ng/mL) while deconfounding for age (years), BMI, gestational weeks, 
smoking and BSS. These factors were included as confounders for the reasons mentioned in Chapter 
1, Section 1.3. The PEth scores, smoking status and BSS were coded as categorical variables and age 
(years) and gestational weeks continuous. All analyses in MaAslin were performed using the default 
options on the Huttenhower Galaxy platform (http://huttenhower.sph.harvard.edu/maaslin).  
Microbial abundance data was normalised to proportional data ranging from 0.0 to 1.0 by the 
MaAsLin software. Only microbial taxa representing >0.01% of total microbial composition and 
present in a minimum of 10% of all samples were examined, as this is Standard to the MaAsLin tool. 
The resulting p-values were corrected for multiple comparisons using Benjamini-Hochberg 
correction (FDR). A p-value < 0.05 and false discovery rate (FDR) thresholds of q<0.05 or q<0.25 
were applied. A FDR threshold of q<0.25 allows compensation for multiple microbial taxa and 
comparison adjustments and has been used in previous microbiome studies (Morgan et al., 2012). 
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Chapter 3 – Results 
 
3.1.  Characteristics of study participants 
The sample (total N  86) had a mean age of 26.87 years (standard deviation (SD) = 6.38 years). The 
mean height of women was 1.57 meters (SD 7.50 cm), and the median weight was 60.47 kg 
(interquartile range (IQR) 51.21-71.31 kg). As we did not have pre-pregnancy BMI data for the 
women, we estimated the pregnancy-adjusted BMI scores of participants as per Chen et al. (2017), 
according to the average amount of weight (mass) that should be gained per trimester during a 
normal, healthy pregnancy. Briefly, 2 kg was added to the BMI threshold for trimester two and 4 kg 
for trimester three (Chen et al., 2017). The median for the BMI scores was 24.45 kg/m2 (IQR of 
21.05-31.10 kg/m2) (see Table 3.1). The majority of women in both the PEth+ group (31.43%, 
11/35) and the control group (49.02%, 25/51) had normal weight readings as per BMI. As indicated 
in Table 3.1., the PEth+ group (N=35), 10 women (28.57%) were underweight, 9 women (25.71%) 
were overweight and 5 women (14.29%) were obese. On the contrary in the control group (N=51), 
1 woman (1.96%) was underweight, 8 women (15.69%) were overweight and 17 women (33.33%) 
were obese. 
68.6% of women reported a BSS of 3 (27.9% ; 24/86) or 4 (40.7% ; 35/86), which represents 
normal stool consistency with sufficient fibre consumption (BSS = 3 or 4) as well as a normal stool 
transit time (Lewis & Heaton, 1997). Two women had severe constipation (2/86 ; 2.33%) and eight 
women had mild constipation (8/86 ; 9.30%) (BSS = 1 and 2 for severe and mild constipation, 
respectively). Furthermore, two women showed a lack of fibre in their diets (2.33% ; 2/86, BSS = 
5). Only fifteen women had diarrhea; mild diarrhea (BSS = 6) was reported in 10.47% (9/86) of 
women, whereas 7.98% (6/86) reported severe diarrhea (BSS = 7). 
The control group (59.30%; n = 51) possessed PEth scores of < 8 ng/mL, thus indicating no alcohol 
use 1-3 weeks before sampling. The PEth+ group (40.70%; n = 35) possessed PEth scores of ≥ 8 
ng/mL, indicating alcohol use 1-3 weeks before sampling. 
The women were recruited in different trimesters of pregnancy. The mean gestational weeks was 
19.71 weeks (SD = 7.55 weeks). Most women were in the 2nd trimester of pregnancy (weeks 13-
27) (N = 54, 62.8%). Sixteen (18.60%) women were in the 1st trimester (weeks 1-12) and sixteen 
(18.60%) were in the 3rd trimester (weeks 28-40). 
Daily and weekend dietary consumption (energy, fat and vegetable protein) were estimated using 
self-reported dietary intake recordings, as summarised in Table 3.1. The daily energy intake mean 
was calculated at 1951.25 kJ (SD = 1018.00). The weekend energy intake mean was calculated at 
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1508.53 kJ (SD = 994.06). The daily fat intake median was calculated at 48.53 IQR = 27.05 – 
73.50). The weekend fat intake mean was calculated at 44.80 (IQR = 27.57 – 69.25). Furthermore, 
the daily vegetable protein intake mean was calculated at 24.46 (SD = 14.22). The weekend 
vegetable protein intake mean was calculated at 22.61 kJ (SD = 14.89). Of the 86 participants in this 
study, 60.46% (52/86) resided in Robertson and 39.53% (34/86) resided in Wellington. 
 
Table 3.1: Characteristics of metadata obtained from all study participants (N=86) 
Age in years (mean (SD)) 26.87 (6.38) 
Height in m (mean (SD)) 1.57 (7.50) 
Weight in kg (median (IQR)) 60 (51.21-71.31) 
BMI (kg/m2) categories (median (IQR)) 24.45 (21.05-31.10) 
PEth+ participants (N=35) (% n/N)  
  Underweight = < 18.5 kg/m2 28.57 (10/35) 
  Normal = 8.5 – 24.9 kg/m2 31.43 (11/35) 
  Overweight = 25 – 29.9 kg/m2 25.71 (9/35) 
  Obese =  30 = kg/m2 14.29 (5/35) 
Controls (N=51) % (n/N)  
  Underweight = < 18.5 kg/m2 1.96 (1/51) 
 Normal = 8.5 – 24.9 kg/m2 49.02 (25/51) 
  Overweight = 25 – 29.9 kg/m2 15.69 (8/51) 
  Obese =  30 = kg/m2 33.33 (17/51) 
BSS categories % (N=86) 
1 – severe constipation 2.33 (2/86) 
2 – mild constipation 9.30 (8/86) 
3 – normal  27.91 (24/86) 
4 – normal   40.70 (35/86) 
5 – lacking fibre 2.33 (2/86) 
6 – mild diarrhea 10.47 (9/86) 
7 – severe diarrhea 7.98 (6/86) 
PEth score 0 (0-492.54) 
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Controls (< 8 ng/mL) % (n/N) 59.30 (51/86) 
Positive (≥ 8 ng/mL) % (n/N) 40.70 (35/86) 
Gestational week (mean (SD)) 19.71 (7.55) 
Trimester (mean (SD)) 
 
First (% (n/N)) 18.60 (16/86) 
Second (% (n/N)) 62.80 (54/86) 
Third (% (n/N)) 18.60 (16/86) 
Energy intake 
Daily (mean (SD)) 1951.25 (1018.0) 
Weekend (mean (SD)) 1508.53 (994.06) 
Fat intake 
Daily (median (IQR)) 48.53 (27.05-73.50) 
Weekend (median (IQR)) 44.80 (27.57-69.25) 
Vegetable protein intake 
Daily (mean (SD)) 24.46 (14.22) 
Weekend (mean (SD)) 22.61 (14.89) 
Location % (N=86) (% ; n/N) 
   Robertson 60.46 (52/86) 
   Wellington  39.53 (34/86) 
Abbreviations: BMI: Body Mass Index, BSS: Bristol Stool Scale, PEth: Phosphatidylethanol 
N=total amount of 86 participants, n=data available at the time of write-up 
PEth+: PEth ≥ 8 ng/mL  
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Table 3.2 demonstrates the demographics, clinical data and characteristics of the sample, 
stratified by PEth test results. No significant differences were found between the PEth+ and 
control groups with regards to height (p = 0.64), weight (p = 0.26), BMI (p = 0.51), fat intake 
(p = 0.56) or protein intake (p = 0.99). There was, however, a significant difference in age 
between the PEth+ (mean=29.03 years, SD=5.5 years) and the control group (mean=25.39 
years, SD=6.55 years), with a p-value of 0.001.  
BSS categories were categorised into three groups, according to scores 1-2 (“constipated”), 3-
4 (“normal”), and 5-7 (“watery”), as per Vandeputte (2016) and above. In the PEth+ group, 
11.1% (n=4) were constipated, 68.57% (n=24) had normal stool and 20.00 % (n=7) had watery 
stool. In the control group, 11.76% (n=6) were constipated, 68.63% (n=35) had normal stool 
and 19.61% (n=10) had watery stool. No significant differences were noted between PEth+ 
and control participants with regards to BSS categorisation (p=0.675). 
Table 3.2 Comparison of the characteristics of study participants in the Control and PEth+ 
groups. P values were computed using the Chi-squared statistic unless otherwise stated. 
 Control group 
(N=51) 
PEth+ group 
(N=35) 
P-value# 
Age (years) Mean (SD) 25.29 (9.84) 29.03 (5.53) 0.001** 
Height (cm) Mean (SD) 156.79 (7.57) 156.43 (7.52) 0.64** 
Weight (kg) Median (IQR) 62 (52.25-78.13) 59 (50.95-64.53) 0.26*** 
BMI (kg/m2) Median (IQR) 24.45 (21.70-32.40) 24 (20.13-28.65) 0.51*** 
BSS categories % (n/N)  
  1-2: Severe/mild constipation 11.76 (6/51) 11.43 (4/35)  
0.97* 
  3-4: Normal  68.63 (35/51) 68.57 (24/35) 
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 Control group 
(N=51) 
PEth+ group 
(N=35) 
P-value# 
  5-7: Lacking fibre/mild/severe 
diarrhea  
19.61 (10/51) 20.00 (7/35)  
Gestational weeks (mean (SD))  20.10 (7.52) 19.14 (7.68) 0.80** 
Trimester  
  1st Trimester % (n/N) 19.6 (10/51) 17.1 (6/35) 0.80 
 
  2nd Trimester % (n/N) 58.8 (30/51) 68.6 (24/35) 
  3rd Trimester % (n/N) 21.6 (11/51) 14.3 (5/35) 
Energy Intake (kilojoules (kJ))  
  Daily Median (IQR) 1582.17 (660.93-
5283.31) 
1518.12 (86.48-
4013.19) 
0.39*** 
  Weekend Median (IQR) 1472.01 (404.63-
6008.66) 
1593.35 (467.16-
2544.40) 
0.41*** 
Fat Intake (g) (Median (IQR) 
  Daily Median (IQR) 57.10 (10.10-
320.20) 
43.87 (0.22-
235.42) 
0.56*** 
  Weekend Median (IQR) 45.24 (31.41-71.87) 45.24(9.86-
236.64) 
0.54*** 
Protein Intake from Vegetables (g) Mean (SD) 
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 Control group 
(N=51) 
PEth+ group 
(N=35) 
P-value# 
  Daily  25.18 (15.67) 23.60 (12.42) 0.99** 
  Weekend  26.71 (16.22) 24.28 (13.22) 0.99** 
Location  
  Robertson % (n/N) 56.86 (29/51) 65.71 (23/35) 0.83 
  Wellington % (n/N) 43.14 (22/51) 34.29 (12/35) 0.82 
Abbreviations: BMI: Body Mass Index, BSS: Bristol Stool Scale, PEth: Phosphatidyl Ethanol, IQR: 
interquartile range 
*p-values were calculated using the Kruskal-Wallis rank sum test 
** p-values were calculated using the two-sample t-statistic 
***p-values calculated using the Mann-Whitney test 
3.2. DNA extraction from stool samples 
Microbial DNA was extracted from the stool samples obtained from all 86 participants. 
Microbial DNA concentrations measured between 5.6x ng/µL and 4495.1x ng/µL (median = 
456.15 ng/µL). For samples with low 260/230 ratios (<1.8), we performed an ethanol 
precipitation reaction. Both the concentration and the ratios (quantity and purity) of the 
microbial DNA extracted from participants’ stool samples were obtained from the 
NanoDrop™ 1000 Spectrophotometer V 3.7 (Thermo Scientific, Delaware, USA.).   
3.3.  16S ribosomal RNA sequencing 
The primers used in the DNA sequencing of microbial DNA extracted from stool samples 
covered an approximate 300 bp segment of the 16S rRNA gene that included the V3 and V4 
hypervariable regions. 
After the removal of reads with ambiguous bases, 5,932,085 reads were retained. Paired-end 
reads were then merged, resulting in 1,959,124 merged reads for 86 samples, including the 
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negative extraction control (extraction performed without including stool sample). Two 
samples yielded a very low number of sequences reads per sample, 307 and 5610 merged 
paired-end reads for sample 69 and 70 respectively. The minimum number of sequences per 
sample was 82,969 for the remaining samples and the maximum number was 768,001 
(median=202,827). 
UCHIME (Edgar et al., 2011) identified 2-3% of the sequences as possible chimeras (two or 
more biological sequences joined together) and these sequences were subsequently removed. 
After all the quality filtering steps, a total of 1,091,509 reads were retained (mean 11,612 (range 
2116 – 40,037) reads per sample). These were clustered into operational taxonomic units 
(OTUs), and classified based on alignment to the SILVA ribosomal RNA gene database (Quast 
et al., 2013; Yilmaz et al., 2014). 
3.4.  Taxonomic composition of the stool microbiome 
A total of 13 bacterial phyla were detected in the 86 samples that were sequenced. Figure 3.1 
represents the relative abundance of the top 13 bacterial phyla in the stool of PEth+ participants 
(PEth score of  8 ng/mL) (Figure 3.1A) and controls (PEth score of < 8 ng/mL) (Figure 3.1B). 
Two phyla, Bacteroidetes and Firmicutes, dominated the sample. The abundance of 
Bacteroidetes in the PEth+ group was 50.4% and 45.2% in the control group. The abundance 
of Firmicutes was 42.8% in PEth+ group and 47.5% in control group. A statistical comparison 
of the abundance of all the bacterial taxa in the control and PEth+ groups was carried out using 
MaAsLin, as will be discussed in Section 3.6. 
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Figure 3.1: The 13 top phyla identified in the gut microbiome of pregnant women. 3.1A 
represents the top phyla detected in the PEth+ group (PEth score of  8 ng/mL) and B the top 
phyla detected in the control group (PEth score of < 8 ng/mL). This stacked bar chart of median 
percent counts of phyla represents bacterial genera. The relative abundances are contingent 
with 16S rRNA sequence counts in datasets. The x and y axes represent the sample number 
and the relative abundance (%) counts, respectively. The Bacteroidetes phylum dominated in 
both the PEth+(A) and the control groups (B). 
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The heatmap in Figure 3.2 displays the most abundant taxa in the samples, thus providing a 
more descriptive assessment of differences in gut microbial composition relating to metadata.  
 
Figure 3.2: Heatmap of the 20 most abundant bacterial taxa in the stool microbiotas of 86 
participants. PEth (Phosphatidylethanol), BSS (Bristol Stool Scale), BMI (Body Mass Index). 
Most of the participants grouped into one 1 (N = 27 (31.4%)), with 15 control (30%) and 12 
PEth+ (33.3%) participants, respectively (Table 3.3) 
3.5.  Alpha diversity 
Alpha diversity represents at the richness in species (the mean number of species in a habitat 
or locality) (Whittaker, 1972), in this case the gut microbiota of pregnant women who either 
consumed alcohol or not. The “plot richness” function in the R vegan package was used to 
determine alpha diversity, which was calculated using Simpson, Dominance, Shannon and 
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Shannon Equitability metrics (Figure 3.3). These metrics estimate richness and evenness of the 
bacterial populations within a sample. There was no significant difference in the alpha diversity 
in the PEth+ group compared to women in the control group (Figure 3.3A).  
Among the variables investigated for correlation with alpha diversity was PEth status, BMI, 
BSS, smoking, weight, height and trimester. No significant correlations were observed when 
alpha diversity was investigated in any of the variables. However, it is interesting to note that 
a trend was observed between stool firmness, as measured by the BSS (Vandeputte et al., 2016), 
and alpha diversity was found, with a trend of decreasing alpha diversity with a decrease in the 
stool firmness from BSS 1 to 7 (Figure 3.3B), although this trend was not statistically 
significant (p>0.05). This trend was visible in all metrices but dominated in the Shannon 
metric. Figure 3.3C and 3.3D were excluded from any further analysis as no significant changes 
was observed with the regards to the effect that weight and trimester has on the gut microbiome. 
 
Figure 3.3: The bacterial diversity within samples. The boxplots show four alpha diversity 
metrics (Simpson, Dominance, Shannon and Shannon-Equitability) used to measure the alpha 
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diversity of the bacterial populations in the stool samples of (3A) PEth+ participants in green 
(n=35) and control participants in yellow (n=51); (3B) stool samples stratified by stool firmness 
(BSS) with a decrease in stool firmness from 1-7 (Tigchelaar et al., 2016); (3C) stool samples 
stratified by BMI groups. Normal BMI (18.50-24.90 kg/m2), overweight (25.00-29.90 kg/m2) 
and (3D) stool samples stratified by pregnancy trimester. 
3.6.  MaAsLin multivariate statistical analysis 
The multivariate statistical framework was used to investigate associations between clinical 
metadata and microbial community abundance (Segata et al., 2011). Clinical metadata included 
in the analysis were: age (years), BMI, gestational weeks, smoking and BSS. Age (years), BMI 
and gestational weeks as continuous variables, whilst PEth score (PEth+/control), smoking and 
BSS were coded as categorical variables. Only microbial taxa representing >0.01% of total 
microbial composition and present in a minimum of 10% of all samples were included in the 
analysis. A p-value < 0.05 and false discovery rate (FDR) threshold of q<0.25 was applied. 
This FDR threshold allows compensation for multiple microbial taxa and comparison 
adjustments and has been used in previous microbiome studies (Morgan et al., 2012). 
The biplot in Figure 3.4 depicts an initial exploration of the covariation of the stool microbial 
community structure with PEth, age, gestational weeks, BSS, BMI and smoking, using non-
metric multidimensional scaling (NMDS). Each circle represents a stool microbiota sample. 
“Stress” refers to the disagreement between 2-dimensional configuration and predicted values 
from the regression. The goodness of fit of the 2-dimensional depiction of the multidimensional 
data was evaluated by the stress measurement, with stress < 0.2 regarded as a good fit. Arrows 
indicate the direction of correlation for PEth, age, gestational weeks, BSS, BMI and smoking. 
Age and BSS had the greatest impact on the composition of the stool microbiota, followed by 
BMI and weeks of gestation. In contrast, PEth and smoking did not affect the stool microbiota 
as significantly as expected. 
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Figure 3.4: Non-metric multidimensional scaling (NMDS) plot of genus composition. Black 
points represent samples. The blue arrows indicate significant correlations of metadata 
variables with the ordination. 
MaAsLin identified several bacterial taxa that were differentially abundant between the PEth+ 
and control groups (p<0.05). However, after adjusting for the other factors such as BSS, 
gestational weeks, smoking and age, none were statistically significant (at q<0.05 or q<0.25) 
(Table 3.3). A lower abundance of Bifidobacterium (p=0.018), and greater abundance of 
Catenibacterium (p=0.024) and Intestimonas (p=0.026), was present in the samples from 
PEth+ women compared to controls, but this was found not to be significant (q>0.05) following 
adjustment for age, BMI, BSS and gestational weeks.  
Table 3.3: Multivariate Association with Linear Model (MaAsLin) output. Only taxa with P< 
0.05 are shown. 
Bacterial taxa (OTU) Variable Coefficient P-value q-value 
Bacteria|Proteobacteria|Deltaproteobacteria|
Desulfovibrionales|Desulfovibrionaceae|unc
lassified_51 
Age 6.961E-04 0.01 0.875 
Bacteria|Firmicutes|Clostridia|Clostridiales|
Ruminococcaceae|unclassified_34 
Age -7.094E-03 0.02 0.875 
Bacteria|Firmicutes|Clostridia|Clostridiales|
Ruminococcaceae|Anaerofilum 
Age -2.431E-04 0.04 0.943 
Bacteria|Firmicutes|Bacilli|Lactobacillales|L
actobacillaceae|Lactobacillus 
BMI 1.503E-03 0.00 0.761 
Bacteria|Actinobacteria|Actinobacteria|Bifid
obacteriales|Bifidobacteriaceae|Bifidobacteri
um 
BMI 2.988E-03 0.01 0.875 
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Bacterial taxa (OTU) Variable Coefficient P-value q-value 
Bacteria|Firmicutes|Bacilli|Lactobacillales|u
nclassified_26 
BMI 1.687E-04 0.01 0.875 
Bacteria|Firmicutes|Clostridia|Clostridiales|
Ruminococcaceae|Intestinimonas 
BMI -7.514E-04 0.02 0.875 
Bacteria|Firmicutes|Clostridia|Clostridiales|
Ruminococcaceae|Flavonifractor 
BMI -6.977E-04 0.02 0.875 
Bacteria|Proteobacteria|Gammaproteobacteri
a|Enterobacteriales|Enterobacteriaceae|uncla
ssified_55 
BMI -2.650E-04 0.03 0.943 
Bacteria|Proteobacteria|unclassified_60 BMI -2.661E-04 0.03 0.943 
Bacteria|Firmicutes|Clostridia|Clostridiales|
Lachnospiraceae|Dorea 
BMI -2.692E-04 0.04 0.943 
Bacteria|Firmicutes|Negativicutes|Selenomo
nadales|Acidaminococcaceae|Acidaminococ
cus 
BMI 2.533E-03 0.04 0.94 
Bacteria|Proteobacteria|Betaproteobacteria|B
urkholderiales|Alcaligenaceae|Parasutterella 
BMI 4.289E-04 0.04 0.94 
Bacteria|Proteobacteria|Gammaproteobacteri
a|Aeromonadale|Succinivibrionaceae|Succin
ivibrio 
BMI -1.559E-03 0.04 0.94 
Bacteria|Candidate_division_TM7|Unknown
_Class|Unknown_Order|Unknown_Family|
Candidatus_Saccharimonas 
BMI 1.255E-04 0.04 0.94 
Bacteria|Lentisphaerae|Lentisphaeria|Victiva
llales|Victivallaceae|Victivallis 
BSS -4.078E-03 0.03 0.94 
Bacteria|Firmicutes|Clostridia|Clostridiales|P
eptococcaceae|unclassified_32 
BSS -5.446E-04 0.04 0.94 
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Bacterial taxa (OTU) Variable Coefficient P-value q-value 
Bacteria|Actinobacteria|Actinobacteria|Bifid
obacteriales|Bifidobacteriaceae|Bifidobacteri
um 
PEth+ -3.170E-02 0.02 0.88 
Bacteria|Firmicutes|Erysipelotrichia|Erysipel
otrichales|Erysipelotrichaceae|Catenibacteri
um 
PEth+ 3.204E-03 0.02 0.94 
Bacteria|Firmicutes|Clostridia|Clostridiales|
Ruminococcaceae|Intestinimonas 
PEth+ 8.608E-03 0.03 0.94 
Bacteria|Bacteroidetes|Bacteroidia|Bacteroid
ales|Porphyromonadaceae|unclassified_6 
Gestational 
weeks 
-1.724E-03 0.0 0.22 
Bacteria|Firmicutes|Clostridia|Clostridiales|P
eptococcaceae|Dehalobacterium 
Gestational 
weeks 
-5.116E-04 0.01 0.88 
Bacteria|Proteobacteria|Gammaproteobacteri
a|Aeromonadale|Succinivibrionaceae|Succin
ivibrio 
Gestational 
weeks 
1.693E-03 0.01 0.88 
Bacteria|Proteobacteria|Betaproteobacteria|B
urkholderiales|Alcaligenaceae|Parasutterella 
Gestational 
weeks 
-4.351E-04 0.01 0.88 
Bacteria|Cyanobacteria|Melainabacteria|Gas
tranaerophilales|unclassified_19 
Gestational 
weeks 
2.580E-03 0.01 0.88 
Bacteria|Firmicutes|Erysipelotrichia|Erysipel
otrichales|Erysipelotrichaceae|Turicibacter 
Gestational 
weeks 
5.643E-04 0.01 0.88 
Bacteria|Firmicutes|Clostridia|Clostridiales|
Ruminococcaceae|Flavonifractor 
Gestational 
weeks 
-5.663E-04 0.02 0.88 
Bacteria|Firmicutes|Clostridia|Clostridiales|
Ruminococcaceae|unclassified_34 
Gestational 
weeks 
-5.863E-03 0.02 0.88 
Bacteria|Firmicutes|Clostridia|Clostridiales|
Clostridiaceae_1|unclassified_29 
Gestational 
weeks 
1.849E-04 0.02 0.88 
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Bacterial taxa (OTU) Variable Coefficient P-value q-value 
Bacteria|Proteobacteria|Gammaproteobacteri
a|unclassified_59 
Gestational 
weeks 
2.511E-04 0.02 0.88 
Bacteria|Firmicutes|Clostridia|Clostridiales|
Ruminococcaceae|Anaerofilum 
Gestational 
weeks 
-2.138E-04 0.02 0.94 
Bacteria|Bacteroidetes|Bacteroidia|Bacteroid
ales|S24-7|unclassified_10 
Gestational 
weeks 
-6.500E-04 0.03 0.94 
Bacteria|Firmicutes|Clostridia|Clostridiales|u
nclassified_35 
Gestational 
weeks 
-1.545E-03 0.03 0.94 
Bacteria|Firmicutes|Clostridia|Clostridiales|
Ruminococcaceae|Anaerotruncus 
Gestational 
weeks 
-1.856E-04 0.05 0.94 
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Chapter 4 – Discussion 
 
The main aim of this study was to investigate the effects of alcohol on the composition of the 
gut microbiome in pregnant women in the South African wine-growing region, as startling 
rates of FASD (24 – 48 per 1000 first grade children (May et al., 2014; Phillip Gossage et al., 
2014; Olivier, Curfs & Viljoen, 2016) and drinking during pregnancy has been reported (Ethen 
et al., 2009; Mallard, Connor & Houghton, 2013). Though the gut microbiome of pregnant 
women has been studied, to our knowledge, there has been no study conducted on the effect of 
alcohol on the gut microbiome of pregnant women, emphasising the novelty of the present 
investigation. Considering the prevalence of FASD in South Africa and the consequences that 
accompany it, it is clear that there exists a need to gain knowledge on and identify risk factors 
in the context of the gut microbiome that might affect FASD development, in pursuance of 
early intervention and prevention.   
4.1. Characteristics of study participants 
The control group (59.30%; n = 51) possessed PEth scores of < 8 ng/mL, thus indicating no 
alcohol use 1-3 weeks before sampling. The PEth+ group (40.70%; n = 35) possessed PEth 
scores of ≥ 8 ng/mL, indicating alcohol use 1-3 weeks before sampling. Current literature 
confirms that the highest sensitivity is achieved when two biomarkers are used in 
combination (95%) to measure drinking in the past seven days (May et al., 2018). Greater 
accuracy may therefore have been obtained had we combined PEth output with an additional 
measure of alcohol use, for example, the self-report AUDIT score, which was not available 
for all participants at the time of write-up. 
Upon analysis of the characteristics of study participants (Table 3.2), age was found to differ 
significantly between the control and PEth+ group (p=0.001). The PEth+ group were older 
with a mean age of 29.03 years (SD=5.53) in comparison to the control group that had a mean 
age of 25.29 years (SD=9.84). Factors such as age are known to affect the composition of the 
gut microbiome. 
4.2.  DNA extraction from stool and 16S library preparation 
Microbial DNA concentrations extracted measured between 5.6x ng/µL and 4495.1x ng/µL 
(median = 456.15 ng/µL). For samples with low 260/230 ratios (<1.8), we performed an 
ethanol precipitation reaction. Both the concentration and the ratios (quantity and purity) of 
the microbial DNA extracted from participants’ stool samples were obtained from the 
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NanoDrop™ 1000 Spectrophotometer V 3.7 (Thermo Scientific, Delaware, USA). The 
pipeline followed for the 16S metagenomic sequencing library preparation are illustrated in 
Figure 2.3. The full-length primer sequences (IUPAC nucleotide nomenclature) to target this 
specific region as well as the Illumina overhang adapter sequences to be added to locus-
specific sequences (Figure 2.4) can be found in Table 2.2. 
4.3.  The taxonomic composition of the stool microbiome 
Independent of age – from here on referred to as positive correlation – our study identified 
Bacteroidetes and Firmicutes as positive correlates with age. A total core gut microbiome has 
been found to correlate positively with age (Falony et al., 2016). In agreement with the 
aforementioned study, we identified the gut microbiota composition to include the four 
predominant phyla of the core gut microbiome namely Firmicutes, Bacteroidetes, 
Actinobacteria and Proteobacteria. A significant decrease in the levels of Faecalibacterium 
has been observed in the third trimester of pregnancy compared to first trimester (Koren et 
al., 2012). We thus hypothesise that the low relative abundance of Faecalibacterium in our 
cohort correlates with previous findings of Nuriel-Ohayon, Neuman & Koren (2016) that 
showed that the levels of Faecalibacterium (the butyrate-producing bacterium with anti-
inflammatory activities) significantly decreases as the pregnancy progresses into the third 
trimester of pregnancy (Nuriel-Ohayon, Neuman & Koren, 2016). This low relative 
abundance could also be due to population differences (Gupta, Paul & Dutta, 2017). In a 
recent study of 148 healthy adults, an abundance of Faecalibacterium (genus in the 
Firmicutes phylum) were negatively correlated with age in a middle-aged group of 
individuals (50-59 years) (Shen et al., 2018). An abundance of the Porphyromonas genus was 
observed in the whole sample of pregnant women (class Bacteroidia, order Bacteroidales, 
family Porphyromonadaceae). The Porphyromonas genus is a gram-negative obligate 
anaerobe with an asaccharolytic, fermentative and proteolytic metabolism. It is regarded as a 
pathogen. Levels of the pathogenic bacteria Porphyromonas gingivalis have been found to be 
significantly lower in non-pregnant compared to women in the early and middle stages of 
pregnancy (Fujiwara et al., 2017). This correlates with our findings of a high abundance of 
Porphyromonas in all pregnant women in the sample set (Table 1.2 and Table 3.3). As this 
bacteria is pathogenic, it has been linked to pre-mature births due to increased prostaglandins 
and inflammatory mediators production (ElAttar, 1976; Kim & Amar, 2006). 
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4.3.1. Age 
In the FGFP study, age was found to be a nonredundant covariate (Yatsunenko et al., 2012). 
The current study identified Bacteroidetes and Firmicutes as positive correlates with age. 
4.3.2.  Stool consistency 
In the aforementioned study by Falony et. al (2016), stool consistency – measured by the BSS 
– had the largest effect size on the composition of the gut microbiota. To identify 
nonredundant covariates of microbiome variations, a forward stepwise redundancy analysis 
(RDA) was performed. The analysis resulted in a set of 18 variables with a nonredundant 
(cumulative) effect size on community variation of 7.63% (Falony et al., 2016). In 
accordance with our study, stool consistency was again found as the top single, nonredundant 
microbiome covariate (Tigchelaar et al., 2016; Vandeputte et al., 2016). Other nonredundant 
covariates were age (Yatsunenko et al., 2012), gender (Huttenhower et al., 2012), drug intake 
and dietary information (fiber uptake, fruit intake and bread preference). To obtain an 
indicative measure of transit time (Lewis and Heaton, 1997), BSS scores have been used. 
BSS scores are also a reflection of potential niche differentiation within the colon ecosystem 
and water availability (Vandeputte et al., 2016).  
Contrary to the Falony et al. (2016) study, we found no prevalence of Prevotella-enterotyped 
samples, Methanobrevibacter or Akkermansia abundances (Tigchelaar et al., 2016; 
Vandeputte et al., 2016) in the current study. There was a trend of decreasing alpha diversity 
with a decrease in the stool firmness (BSS from 1-7) as mentioned in section 3.5 (Figure 
3.3B), albeit this was not found to be statistically significant (Vandeputte et al., 2016). In 
contrast, overall core abundance increased in looser stools in the FGFP study (Falony et al., 
2016). 
4.3.3. BMI 
When surveying previous studies, Ley et al. (2006) and Turnbaugh et al. (2009) established 
reduced  biodiversity and a lower relative abundance of Bacteroidetes in the gut microbiota 
of obese individuals (Ley et al., 2006; Turnbaugh et al., 2009). Conflicting results have also 
been reported from various studies. Among these findings are no difference between lean and 
obese individuals with reference to the relative abundance of Actinobacteria, Bacteroidetes, 
or Firmicutes (Duncan et al., 2008; Jumpertz et al., 2011), increased Firmicutes and 
Actinobacteria coupled with decreased Proteobacteria and Fusobacteria in obese compared to 
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normal-weight individuals (Piombino et al., 2014) and a higher relative abundance of 
Bacteroidetes in obese (Ppatil et al., 2012) or overweight (Schwiertz et al., 2010) individuals 
compared to lean controls. 
A study conducted by Stanislawski et al. (2017) associated maternal overweight/obesity with 
lower maternal alpha diversity (Stanislawski et al., 2017). Another association was between 
maternal pre-pregnancy overweight and obese and excessive gestational weight gain (GWG) 
and taxonomic differences in the maternal gut microbiome. These taxonomic differences 
included taxa from the highly genealogical family Christensenellaceae, the genera 
Lachnospira, Parabacteroidetes, Bifidobacterium and Blautia  (Stanislawski et al., 2017). 
In this study, the genus Dorea was found to be higher in abundance in women with higher 
BMI scores, although the finding was not significant. The genus Dorea (class Clostridia, 
order Clostridiales, family Lachnospiraceae) is a gram-positive, obligate anaerobe of the 
commensal type found in the large intestine (Qin et al., 2010; Rajilić-Stojanović & de Vos, 
2014). An increase in abundance of Dorea has been found in a previous study conducted on 
alcohol-dependent individuals (Leclercq et al., 2014b). 
The phylum Negativicutes (order Selenomonadales, family Acidaminococcaceae, genus 
Acidaminococcus) was abundant in both PEth+ and control groups, but higher in abundance 
in participants with a higher BMI score, although not significant (Table 3.3). 
Acidaminococcus is an assacharolytic, glutamate fermenting, commensal, gram-negative 
bacteria (Qin et al., 2010; Rajilić-Stojanović & de Vos, 2014). Acidaminococcus was found 
in the PEth+ group and the control group. 
4.3.4. Pregnancy/gestational weeks 
To support the development of the healthy offspring, the gestational period is accompanied 
by significant changes in various physiological systems. Changes such as weight gain, 
immune system modulation and hormonal changes all synchronize to maintain the health of 
both the mother and the offspring (Dunlop et al., 2015). While some of the hormonal and 
metabolic changes associated with pregnancy have been well known and studied for years 
(Kumar et al., 2012), the drastic changes in microbiome composition occurring during the 
gestational period have only recently been appreciated (Nuriel-Ohayon, Neuman & Koren, 
2016). 
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In accordance with the findings in the current study, Collado et al. observed profound 
alterations in the composition of gut microbiota and an increase in the bacterial load (Collado 
et al., 2008; Koren et al., 2012). These changes include an increase abundance of members of 
the Proteobacteria and Actinobacteria phyla (Collado et al., 2008). Furthermore, no increase 
in abundance of levels of Faecalibacterium has been observed. This corresponds with the 
findings of Ohayon et. al (2016), where levels of the butyrate-producing bacterium with anti-
inflammatory activities was significantly decreased in the third trimester of pregnancy 
(Nuriel-Ohayon, Neuman & Koren). 
Overall, the majority of studies identified significant changes in gut microbiota during 
pregnancy. These changes all correlate with diet and initial weight, inflammation, weight 
gain and metabolic parameters. However, a deviation from this was observed in a 
longitudinal study consisting of 49 women sampled weekly, during gestation and monthly 
post-partum. This study observed no remarkable alterations in richness indexes or the gut 
microbiota during the gestational period or upon delivery (DiGiulio et al., 2015). This 
highlights the importance that more studies are needed to gain further insight into the effects 
of pregnancy on the gut microbiota.  
 
4.3.5. Alcohol 
The main aim of this study was to investigate the effects of alcohol on the composition of the 
gut microbiome. Preclinical and clinical data demonstrate an association between quantitative 
and qualitative dysbiotic changes and alcohol-related disorder. These changes may be 
interconnected with intestinal hyperpermeability resulting in endotoxemia, GIT inflammation 
and organ pathologies/tissue damage (P. A. Engen et al., 2015). In the current study, the 
effect of alcohol on the gut microbiome was not as statistically significant as hypothesized. A 
lower abundance of Bifidobacterium (p=0.018), and greater abundance of Catenibacterium 
(p=0.024) and Intestinimonas (p=0.026), was present in the samples from PEth positive 
women when compared to those from PEth negative women, but this was found not to be 
significant (q>0.05) following adjustment for age, BMI, BSS and gestational weeks. 
4.4. The gut microbiome of alcohol-using pregnant women compared to women with 
no alcohol use 
Alterations in the skin, vaginal, oral and gut microbiome profiles accompany pregnancy 
(Aagaard et al., 2012; Koren et al., 2012; Nuriel-Ohayon, Neuman & Koren, 2016). These 
changes resemble metabolic syndrome to some extent (Pitlik and Koren, 2017).   Studies have 
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found an overall increase in abundance of the Proteobacteria phylum in the pregnant gut 
microbiome (Nuriel-Ohayon, Neuman & Koren, 2016). This is in line with our findings of an 
overall abundance of the Desulfovibrio genus – under the phylum Proteobacteria – in our 
cohort.  
Under the phylum Proteobacteria, the class Deltaproteobacteria (order Desulfovibrionales) 
was abundant in the entire sample (in both PEth+ and controls), as seen in Table 3.3, Section 
3.5. Furthermore, the class Gammaproteobacteria (order Enterobacteriales) was observed in 
the whole sample set (both PEth+ and controls). Only one family, Enterobacteriaceae, 
belongs to this order. It can be classified as a gram-negative bacteria. The relative abundance 
of the genus Succinivibrio was found to differ significant by BMI and gestational weeks 
(Table 3.3). Parasutterella is a gram-negative, obligate anaerobic, rod-shaped, non-spore-
forming bacteria and has previously been isolated in human feces (Nagai et al., 2009). 
Proteobacteria is usually abundant in the general population, however, several studies have 
found an overall increase in abundance of the Proteobacteria phylum in the pregnant gut 
microbiome in the first trimester compared to the third trimester, of which the mechanism 
will be discussed below (Nuriel-Ohayon, Neuman & Koren, 2019) (see Section 1.4, Figure 
1.2.).  
The high relative abundance of members of the Actinobacteria phylum cannot be 
substantiated in this study, as pre-prepregnancy Bifidobacterum levels were unknown. 
previous studies have also found this increase between the gut microbiome composition of 
pregnant women from the first trimester to the third trimester (Koren et al., 2012). This study 
was conducted on 91 pregnant women of varying gestational diabetes status and pre-
pregnancy BMIs (Koren et al., 2012). 
Further similarities include Turicibacter – known to increase in pregnant mice and rats (Khan 
et al., 2016; Elderman et al., 2018) was also abundant in our study. Furthermore, 
Anaeroplasma and Bifidobacterium was found to be the bacteria that were highly prone to be 
influenced by the increased levels of progesterone (Nuriel-Ohayon, Neuman & Koren, 2019). 
Progesterone treatment in mice resulted in significantly less diverse microbial composition, 
especially alpha diversity, when compared with controls (Nuriel-Ohayon, Neuman & Koren, 
2019). This study also showed a decrease in alpha diversity with a decrease in stool 
consistency, as will be discussed below. 
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4.5.  The effects of stool consistency on alpha diversity, B diversity  
In this study a trend of decreased alpha diversity with a decrease in stool firmness (according 
to BSS) (Figure 3.3B) was observed. In accordance with our findings, previous studies have 
demonstrated a reduction in alpha diversity (individual richness, the number of different 
species within one sample) (Koren et al., 2012). In accordance with this, previous studies 
have shown that stool consistency, as measured by the BSS, correlates with all known 
microbiome markers (diversity, dysbiosis and composition) (Falony et al., 2016; Tigchelaar 
et al., 2016; Vandeputte et al., 2016). In a recent study, stool consistency – measured by the 
BSS – was found to have the largest effect size on the composition of the gut microbiota 
(Falony et al., 2016 (Tigchelaar et al., 2016; Vandeputte et al., 2016)).  These findings are 
based on the stool consistency scores (decreasing in consistency from 1-7) and the 
correlations between microbiota growth potential. It was hypothesized that accelerated transit 
time contributes to the differentiation in the colon ecosystem (Vandeputte et al., 2016). 
Besides being indicative of total stool transit time in the colon, BSS scores are also a 
reflection of potential niche differentiation within the colon ecosystem, water availability and 
transit time (Vandeputte et al., 2016). In the present study there was a trend of decreasing 
alpha diversity with a decrease in the stool firmness (BSS from 1-7) as mentioned in Section 
3.5 (Figure 3.4B), but this was not found to be statistically significant. The trend of decreased 
alpha diversity with decreased stool firmness might be attributable to the fact that loose stools 
harbours more water availability, thus diluting the true microbial composition that should be 
seen.  
4.6. The effects of alcohol on the gut microbiome 
To monitor shifts in the composition of the gut microbiome of pregnant women using alcohol 
proved to be difficult as we had no pre-pregnancy gut microbiome profile of the participants 
for the purpose of comparison. Our results indicated that a lower abundance of 
Bifidobacterium (p=0.018), and greater abundance of Catenibacterium (p=0.024) and 
Intestinimonas (p=0.026), were present in the samples from PEth+ pregnant women 
compared to those from control pregnant women, but this was found not to be significant 
(q>0.05) following adjustment for age, BMI, BSS and gestational weeks. In line with our 
uncorrected findings, Queipo-Ortuño (2010) found a decreased abundance of 
Bifidobacterium that correlated with increased polyphenol (found in red wine) consumption 
in healthy male participants. Mutlu et al. (2012) also observed a reduction in abundance of 
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Bacteroidetes, along with significantly higher abundance of Proteobacteria, in a group of 
alcoholic males (Mutlu et al., 2012).  
In a study conducted on alcoholics with and without alcoholic liver disease versus healthy 
participants by Chen et al. (2011), an increase in the Proteobacteria phylum, together with an 
increase in the gammaproteobacteria class was found in the alcoholic group independent of 
liver disease (Chen et al., 2011). The study also demonstrated an increased abundance of the 
Firmicutes phylum (Bacilli) associated with alcohol use (Chen et al., 2011). These findings 
correspond to the greater abundance of the Firmicutes and Proteobacteria phyla found in the 
PEth+ group in our study. Firmicutes is a known anti-inflammatory bacteria (Biagi et al., 
2010). In contrast and worth mentioning, the same study by Chen et al. (2011) found a 
decrease in the Clostridia class in association with alcohol use – under the Firmicutes phylum 
– whereas we observed a higher relative abundance in the Clostridia class in the PEth+ 
group, although not significant (p=0.04, q=0.94). We hypothesise that this difference might 
be attributed to the fact that the Chen et al. (2011) study was conducted in patients suffering 
from liver cirrhosis and not on pregnant participants. 
4.7. Strengths of study 
The analysis also showed that stool consistency and age had the greatest impact on the 
composition of the stool microbiota, followed by BMI and weeks of gestation. In contrast, 
PEth status (positive or negative for drinking) and smoking did not have appreciable impact 
on stool composition. Our study differs from most gut microbiome studies predominantly in 
that it was conducted on a small number of women using different amounts of any alcohol in 
different gestational weeks. The multivariate MaAsLin analysis used in the present study 
identified several bacterial taxa that were differentially abundant (p<0.05) between both 
PEth+ and the control groups. However, after correcting for age, BMI, smoking, gestational 
weeks and stool consistency, none were statistically significant (at q<0.05 or q<0.25). It is 
therefore of utmost importance for other researchers to correct for and take into account all 
the variables that might influence the gut microbiome to avoid false positive results. These 
factors include stool consistency, age, diet, smoking, pre- and antibiotic use, drug use, and 
weight (Duncan et al., 2008; Biedermann et al., 2013; Ferrer et al., 2013; Vandeputte et al., 
2016).  
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We also identified significant shifts in the relative abundance of both the PEth+ and control. 
The differences in relative abundance in the composition of the gut microbiota all correlated 
with diet, age, BMI, smoking and gestational weeks.  
4.8. Limitations of study 
Although the current study yielded interesting results which will certainly be built upon, it 
did have several limitations which deserve mention. The possibility of stronger results might 
have been achieved by looking at women using a controlled amount of alcohol in one 
particular trimester. This could possibly be achieved by monitoring women in a clinic. It is of 
note that not all of these stool samples in the current study were obtained from subjects 
drinking actively on the day of sample collection and that the presence of Bacteroidetes is not 
limited to pregnant women who consume alcohol. 
The use of only PEth as an indicator for alcohol use was a limitation. Current literature 
confirms that the highest sensitivity is achieved when two biomarkers were used in 
combination (95%) to measure drinking in the past seven days (May et al., 2018). Greater 
accuracy may therefore have been obtained had we combined PEth output with an additional 
measure of alcohol use, for example, the self-report AUDIT score, which was not available at 
the time of write-up.  
The 16S amplification method is only applicable to bacteria and some archaea (Wang and 
Qian, 2009). . The primers in the 16S rRNA sequencing covered an approximate 300 bp 
segment. This is important as this 300 bp segment of the 16S rRNA gene included the V3 and 
V4 hypervariable regions. In recent research, the V3/V4 region is documented to be the most 
accurate region to be sufficient for taxonomic classification and to reflect true microbial 
composition (Kozich et al., 2013; Fadrosh et al., 2014; Bajer et al., 2017), regardless of 
sequencing technology and quality (Claesson et al., 2010). Recently, the V4 region of the 16S 
rRNA gene has been motivated by the MetaHIT consortium as the gold standard when 
analysing the human gut microbiome (Qin, Ruiqiang Li1, et al., 2010; Lozupone et al., 2013; 
Osman et al., 2018). 
Another limitation is the lack of adding external microbial DNA to a sample (a spike-in 
control). It would have assisted absolute quantification and qualification of cross-
contamination. It further allows for tracking of samples (Hornung, Zwittink and Kuijper, 
2019). 
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4.9. Conclusion 
This study shed light on particular factors, supported by previous literature, able to influence 
the composition of the human gut microbiome in our sample of South African coloured 
pregnant women. These factors include age, weight, pregnancy, smoking, alcohol, diet, BMI 
and stool consistency. The pregnant gut microbiome undergoes shifts in composition due to 
different trimesters and this could partially explain why no clear distinction between the gut 
microbiome of drinkers and non-drinkers were observed, as all participants were pregnant. 
The biggest factors observed to contribute to the composition were age and stool consistency 
and could thus be investigated in future studies.  
Future studies could aim to find differences in gut microbial composition between pregnant 
women who consume alcohol compared to those without to assist researchers in the FASD 
field in possibly identifying a specific biomarker that could aid in in utero detection of FASD 
and hopefully early therapeutic or pharmacologic intervention. Finding ways to alter the 
maternal gut microbiome to mitigate adverse consequences of FASD could benefit all those 
affected by this spectrum of disorders. 
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Addendum 
 
A) The 24 matching covariates associated (see Addendum) significantly with 
microbiomcomposition in the LLDeep cohort as mentioned in section 1.3
 
1. Bristol stool score 
2. Red blood cell count 
3. Hemoglobin 
4. Body Mass Index 
5. Age 
6. HDL cholesterol 
7. Gender 
8. J01CA04 (amoxicillin) 
9. Height 
10. Triglycerides 
11. Coffee (days since consumed) 
12. Beer consumption 
13. Alcohol (average past week) 
14. Meat (average past week) 
15. Fruits (frequency past week) 
16. Soda (frequency past week) 
17. Hip circumference 
18. Breakfast (N past week) 
19. Creatinine 
20. A06AD15_65 (osmotic laxatives) 
21. Food allergy 
22. Chronic fatigue syndrome 
23. Inflammatory Bowel Syndrome 
24. Smoker    
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B) The custom R script used for calclualting alpha diversity (mentioned in section 
2.8.1 
## this calculates the biodiversity indices of specified categories. 
# the first row of the input file is for sampes. 
# the second row is for the specified categories, e.g., CSTs. 
# third row until the n-th contains the sample counts 
 
# setting working directory 
#setwd("") 
 
# read in data 
 
diversity <- read.table("R/Diversity_File.txt", header=T, sep="\t", 
as.is=T) 
 
# remove cluster line 
# this sign (^) functions like * 
div.noc <- as.matrix(diversity[-grep("^CST",diversity[,1]),]) 
# change class of object to numeric for calculations 
class(div.noc) <- "numeric" 
 
# remove sample line 
div.nosamp <- read.table("R/Diversity_File.txt", header=T, skip=1, 
sep="\t", as.is=T) 
 
sum.col <- colSums(div.noc) 
 
matrix.biodiv <- matrix(0, nrow=5, ncol=ncol(div.noc), 
dimnames=list(c("Cluster","Simpson Index", "Dominance Index", "Shannon 
Index", "Shannon Equitability Index"),colnames(div.noc))) 
matrix.biodiv["Cluster",] <- as.character(diversity[1,]) 
 
for(i in 1:ncol(div.noc)){ 
  tmp <- 0 
  #tmp.eq <- 0 
  tmp.shan <- 0 
  for(j in 1:nrow(div.noc)){ 
    tmp <- tmp + div.noc[j,i]*(div.noc[j,i]-1) 
    if(div.noc[j,i] != 0){ 
      #tmp.eq <- tmp.eq - 
(div.noc[j,i]/sum.col[i])*log(div.noc[j,i]/sum.col[i]) 
      tmp.shan <- tmp.shan + 
(div.noc[j,i]/sum.col[i])*log(div.noc[j,i]/sum.col[i]) 
    } 
  } 
  matrix.biodiv["Simpson Index",i] <- tmp/(sum.col[i]*(sum.col[i]-1)) 
  matrix.biodiv["Dominance Index",i] <- 1-(tmp/(sum.col[i]*(sum.col[i]-
1))) 
  matrix.biodiv["Shannon Index",i] <- -tmp.shan 
  matrix.biodiv["Shannon Equitability Index",i] <- -
tmp.shan/log(length(div.noc[div.noc[,i]!=0,i])) 
} 
 
## Per cluster: average + display standard deviation 
 
# transpose matrix 
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biodiv.t0 <- t(matrix.biodiv) 
 
# convert characters into numerical values 
biodiv.t <- data.frame(Cluster=biodiv.t0[,1], 
Simpson=as.numeric(biodiv.t0[,"Simpson Index"]),  
                       Dominance=as.numeric(biodiv.t0[,"Dominance 
Index"]),  
                       Shannon=as.numeric(biodiv.t0[,"Shannon Index"]),  
                       
Shannon_Equitability=as.numeric(biodiv.t0[,"Shannon Equitability 
Index"])) 
                        
# aggregate per cluster to mean and standard deviation 
test <- aggregate(apply(biodiv.t[,-1],2,as.numeric), # convert to 
numeric data 
                  by=list(biodiv.t[,1]), # collapse per cluster name 
                  function(x)paste("median:",round(median(x),4),", 
mean:",round(mean(x),4),", sd:", round(sd(x),4), sep="")) # functions 
that calculates average and standard deviation and displays them with 
text 
 
 
 
## boxplot 
 
library(ggplot2) 
library(reshape2) 
 
# preparing table 
 
# change rownames to sample + cluster 
#rownames(biodiv.t) <- paste(gsub("X","",rownames(biodiv.t)), 
biodiv.t[,"Cluster"], sep="_") 
biodiv.t$samples_clusters <- paste(gsub("X","",rownames(biodiv.t)), 
biodiv.t[,"Cluster"], sep="_") 
 
 
# remove Cluster column 
#biodiv.mat <- biodiv.t[,-1] 
 
# convert to the "long" format 
biodiv.long <- melt(biodiv.t) 
 
# split sample name and clusters 
biodiv.df <- data.frame(biodiv.long,  
                        
samples=unlist(lapply(strsplit(as.vector(biodiv.long$samples_clusters), 
split="_"),function(x)x[[1]])), 
                        
clusters=unlist(lapply(strsplit(as.vector(biodiv.long$samples_clusters)
, split="_"),function(x)x[[2]]))) 
 
# name remaining columns 
colnames(biodiv.df)[3] <- "indices" 
 
# convert value column into numeric  
class(biodiv.df$value) <- "numeric" 
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# boxplot for means 
 
# with outliers, add "outlier.shape=NA"  
# fill=clusters set to color the boxes 
# http://stackoverflow.com/questions/10805643/ggplot2-add-color-to-
boxplot-continuous-value-supplied-to-discrete-scale-er 
# http://docs.ggplot2.org/current/geom_boxplot.html 
# http://htmlcolorcodes.com/color-chart/web-safe-color-chart/ 
 
p <- ggplot(biodiv.df, aes(x=indices, y=value)) + 
geom_boxplot(lwd=1.25, aes(color=clusters), position=position_dodge(1)) 
+  
  scale_colour_manual(labels = c("CST I", "CST II", "CST III", "CST 
IV"),  
                      values = c("#FF0000", "#FFCC00", "#66CC00", 
"#00FF66")) 
 
# add vertical lines 
p1 <- p + geom_vline(xintercept=c(1.5, 2.5, 3.5), linetype="dashed", 
color="black", size=0.5) 
 
 
 
#http://www.cookbook-r.com/Graphs/Legends_%28ggplot2%29/ 
 
 
p1 + theme_bw(base_size = 20) + 
      theme(axis.line = element_line(colour = "black"), 
         panel.grid.major = element_blank(), 
          panel.grid.minor = element_blank(), 
          panel.background = element_blank())  
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